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ABSTRACT 
 
 
The Supplemental Nutrition Assistance Program (SNAP) is the largest nutritional 
assistance program addressing food insecurity in the United States.  Due to the program’s reach, 
SNAP has been called to address other nutrition-related challenges facing low-income 
Americans including childhood obesity.  The first essay considers the effect of SNAP 
participation on child weight outcomes including overweight status, depth, and severity.  This 
study controls for the potential influence of household financial stress, an important determinant 
of child overweight status that disproportionately affects low-income households.  In addition, 
the study employs instrumental variables including county SNAP participation rates and county 
median income to control for selection into SNAP.  Using data from the Survey of Household 
Finances and Childhood Obesity this study finds that SNAP participation is negatively 
associated with unhealthy weight outcomes among eligible children.   
 Variations in obesity rates across space also raise questions about the potential role of 
environmental factors in determining obesity outcomes.  To date, much of the literature 
exploring such factors has emphasized physical aspects of the environment (e.g., access to 
grocery stores, access to trails, and land use) or the general socioeconomic environment.  
However, recent work has demonstrated that an important determinant of obesity is stress.  
Drawing upon neighborhood effects theory and public health theories, the second essay 
examines the association between regional stress and individual obesity outcomes.  This essay 
uses instrumental variables methods and draws upon the Creative Class regional growth 
hypothesis to inform the instruments. Using individual-level data from the CDC's Behavioral 
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Risk Factor Surveillance System and county-level data from administrative sources, the study 
finds that county educational stress is a significant predictor of individual body mass index. 
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CHAPTER 1 
INTRODUCTION 
 
 In just two decades, the adult obesity rate in the United States doubled, and obesity 
prevalence among children and adolescents tripled (Ogden et al. 2006).  By 2004, nearly one in 
every three adults (32.2% of individuals 20 years of age and above) was obese, and by 2008, 
16.9% of U.S. children ages 2 to 19 were obese (Ogden et al. 2006; Ogden et al. 2010).  The high 
prevalence rates are concerning because there are a number of negative outcomes associated with 
excess body fat.  Researchers studying the health effects of obesity have found unhealthy body 
weight is associated with a wide range of near and long term physical, mental, and social health 
outcomes among children and adults including cardiovascular disease, hypertension, diabetes, 
high blood pressure, lower health-related quality of life, social stigmatization, and social 
adjustment outcomes (National Institutes of Health 2007; Puhl and Latner, 2007; Raman 2002; 
Reilly et al. 2003;  Schwimmer et al. 2003).  Individuals in low income families may be 
particularly at risk for health related consequences of obesity in light of recent evidence that 
overweight severity may be greater among the poor than non-poor (Jolliffe 2011).  In light of 
high prevalence rates and the growing body of evidence detailing its effects, obesity has become 
a public health priority.   
We have much to learn about the drivers of obesity.  Researchers have forwarded a 
number of hypotheses to explain growth in recent decades.  Hypothesized drivers include 
technological changes leading to more sedentary work environments and changes in food prices, 
the decline in smoking, changes in urban structure including suburbanization and accompanying 
lifestyle changes, and growth in two working parent families and the value of convenience foods.  
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At the same time, a growing body of evidence finds that stress including financial stress in the 
household contributes to obesity outcomes (see Gundersen et al. 2011 for a review).  
Specifically, stress has been linked to cortisol and hormone secretion which have been tied to 
metabolic abnormalities and weight gain (Bjorntorp 2001).  Understanding linkages between 
stress including financial stress which disproportionately affects low income Americans and 
obesity may be particularly helpful given Jolliffe’s findings regarding the severity of obesity 
among the poor in relation to the non-poor.   
In addition to stress within the household, regional economic stress may also influence 
obesity outcomes.  Regional economic stress may contribute to obesity via its effect on 
individual level stress or via its effect on the food and physical activity environment.  
Differences in the food and physical activity environments imply there may be different costs to 
health production behaviors across space, so one potential reason for differential obesity 
prevalence rates may be variations in regional stress. 
Policy efforts to address obesity are on the rise, exemplified most recently by Let’s 
Move!, a comprehensive initiative launched by First Lady Michelle Obama.  Given the potential 
relationships between stress on multiple levels and obesity discussed above, effective policy 
making to address obesity requires that we understand the factors and mechanisms that influence 
unhealthy weight gain including stress at the household and potentially regional levels.  In 
addition, effective policy design also requires that we understand the factors that may mediate 
the effects of stress on obesity such as social safety net and regional development programs.   
The Supplemental Nutrition Assistance Program (SNAP) is one such program that 
provides a nutritional safety net for low-income adults and children by supplementing food 
purchasing power.  In 2010, the program reached about 40.3 million individuals each month, 
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nearly 13% of the nation’s population, distributing approximately $68.3 billion in benefits (U.S. 
Department of Agriculture 2011).  Given the program’s reach some have called on SNAP, which 
was designed to address food insecurity, to address other nutrition-related challenges including 
obesity among program participants.  In one respect, the program may already be doing so by 
reducing household stress among low income families because the program provides a steady 
source of income for food purchases.  
This paper considers the relationship between stress and obesity on two levels, the 
household and regional levels.  The first essay explores the influence of SNAP on childhood 
obesity while controlling for household financial stress.  Recent empirical studies have yielded 
mixed results.  Some studies have found participation in SNAP is positively associated with 
obesity while others have found negative or no significant associations (e.g., Baum 2011; Fan 
2010; Gibson 2003; Gibson 2004; Kreider et al. 2010; Meyerhoefer and Pylypchuk 2008; Ver 
Ploeg et al. 2007).  To my knowledge no studies have yet controlled for the role of financial 
stress in obesity outcomes when exploring this relation.  Using recently collected data from the 
Survey of Household Finances and Childhood Obesity, this study employs household level data 
from low-income counties in three Midwestern states.  With the use of instrumental variables 
methods to correct for selection into SNAP, this study finds that SNAP participation is 
negatively associated with childhood obesity among eligible children.   
This second essay explores the potential relationship between economic stress on a 
regional level and individual weight outcomes.  While researchers have explored the role of 
numerous physical attributes of the environment including food access, physical fitness 
amenities, and density, the role of regional economic stress is less understood.  This study uses 
data from the Behavioral Risk Factor Surveillance System and administrative sources to explore 
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the relation between county economic stress and adult weight outcomes.  Using instrumental 
variables methods to control for potential omitted variable bias, this study examines the role of 
two specific measures of county stress:  employment stress and stress arising from low 
educational attainment.  This study finds that county educational stress is significant and 
negatively related to BMI.  
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CHAPTER 2 
THE SUPPLEMENTAL NUTRITION ASSISTANCE PROGRAM, HOUSEHOLD 
FINANCIAL STRESS, AND CHILDHOOD OBESITY 
 
2.1  Introduction  
The Supplemental Nutrition Assistance Program (SNAP, formerly known as the Food 
Stamp Program) is the largest food assistance program in the United States.  In 2010, the 
program reached about 40.3 million individuals each month, nearly 13% of nation’s population, 
distributing approximately $68.3 billion in benefits (U.S. Department of Agriculture 2011).  
And, over the course of a lifetime, the program touches many more.  A recent study estimated 
that almost half of all American children will have resided in a household that received food 
stamps by the time they reach 20 years of age (Rank and Hirschl 2009).    
The central goal of SNAP is the alleviation of food insecurity (U.S. Department of 
Agriculture 1999).  Toward the program’s central goal, research has demonstrated that the 
receipt of SNAP may lead to reductions in food insecurity (DePolt et al. 2009; Kreider et al. 
2010).  In 2010, the average monthly benefit was $134 for an individual, with a maximum 
benefit for a family of 4 of $668.  Given the size of the benefit in relation to household resources 
among eligible households, this can represent a considerable share of low-income households’ 
total income.  In addition, given the size and reach of SNAP, and its role in providing nutritional 
support, there has been an increased call for the program to address other nutrition-related 
challenges facing low-income Americans.  Most prominently, there have been calls for SNAP to 
help in the efforts to alleviate childhood obesity.   
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Over the past five decades, childhood obesity rates have risen considerably and today 
over one-in-six children are obese and three-in-ten children are overweight (Jolliffe 2011; Ogden 
2010).  While growth rates have leveled off over the past 10 years, overall prevalence remains 
high and the concern among policymakers and program administrators remains.  This concern is 
likely due to a wide range of near and long term physical, mental, and social health outcomes 
associated with obesity among children and adults including cardiovascular disease, 
hypertension, diabetes, lower health-related quality of life, social stigmatization, and social 
adjustment outcomes (Puhl and Latner 2007; Raman 2002; Reilly et al. 2003;  Schwimmer, 
Burwinkle, and Varni 2003).  Obesity rates have historically been especially high among low-
income Americans, and the severity of obesity is significantly higher among low-income 
individuals (Jolliffe 2011), the very group that is eligible for SNAP benefits.   
The effect of SNAP on childhood obesity is a priori ambiguous.  The literature on SNAP 
has demonstrated that food expenditures increase due to SNAP participation (e.g., Breunig and 
Dasgupta 2002; Levedahl 1995).  This is not surprising as food expenditures are central to SNAP 
goals. This increase in food expenditures may lead to proportional increases in consumption of 
both healthy and unhealthy foods resulting in greater caloric intake.  However, increasing 
income for food purchases does not necessarily mean that individuals will consume more 
calories, or more unhealthy foods.  Program participation may lead consumers to change the 
bundle of foods they consume, and may enable participants to purchase more healthy food 
options in place of less expensive, but more calorie dense foods.  This ambiguity is mirrored in 
empirical findings of the effect of SNAP on obesity reviewed below.  Some studies have found 
participation in SNAP is positively associated with obesity while others have found negative or 
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no significant associations (e.g., Baum 2011; Fan 2010; Gibson 2003; Gibson 2004; Kreider et 
al. 2010; Meyerhoefer and Pylypchuk 2008; Ver Ploeg et al. 2007).   
Further complicating our understanding of the relationship between SNAP and obesity is 
the role of stress.  Recent work has demonstrated that an important determinant of overweight 
status in children is stress.  (For a review, see Gundersen et al. 2011.)  This work is part of a 
broader literature that shows the negative behavioral and health consequences associated with 
stress (e.g., Compas 1987).  If stress is highly correlated with SNAP participation in prior 
studies, associations between SNAP participation and obesity may in part reflect the role of 
stress.  To my knowledge, no studies of SNAP participation and obesity have explicitly 
controlled for the influence of financial stress on obesity outcomes.   
This paper considers the influence of SNAP on childhood obesity while controlling for 
household financial stress using recently collected data from households in low-income counties 
in three states.  This survey is the one of the few data sets with information on SNAP 
participation, objective and subjective measures of financial stress, and information to calculate 
child BMI percentiles.  With the use of instrumental variable methods to correct for selection 
into SNAP, this study finds that SNAP participation is negatively associated with childhood 
obesity among eligible children.  Households experiencing financial stress are more likely to 
enter SNAP but, after controlling for SNAP participation, financial stress does not have a 
statistically significant effect on childhood obesity.  
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2.2  Background, Theoretical Motivation, and Review of Relevant Literature 
2.2.1 The Supplemental Nutrition Assistance Program  
The Supplemental Nutrition Assistance Program (SNAP) provides a nutritional safety net 
for low-income individuals by supplementing food purchasing power.  Program participants 
receive program benefits that can be used to purchase food at participating grocery stores for 
home consumption.  In 2010, program participants received an average monthly benefit of $134 
per individual.  At a federal level, the program is administered by the United States Department 
of Agriculture and individual states have designated program administration agencies.   
SNAP program eligibility and benefit levels depend upon household size and three tests:  
the gross income test, net income, and an asset test.  Federal eligibility requirements specify that 
household gross monthly income must be less than 130% of the poverty line and net monthly 
income must be less than 100% of the poverty line.1  This means that in 2010, a family of four 
must have gross monthly income less than $2,380 and net monthly income less than $1,838 to 
meet the income tests.2  Income-eligible households must also have assets less than $2,000 
($3,000 if at least one household member is over 60 years of age or disabled).  However, the 
federal government granted individual states specific implementation options resulting in some 
variation in eligibility guidelines across states.  For example, by 2009, a majority of States had 
either removed the federal asset test for many SNAP households or exempted the value of all 
household vehicles from the asset test (U.S. Department of Agriculture 2009).  In addition, with 
particular relevance to this study, the gross monthly income tests may vary by state.  For 
                                                 
1 Households with an elderly member or member receiving certain types of disability payments 
are exempt from the gross income test. 
 
2 Net income is equal to gross income minus eligible deductions. These deductions include a 
standard deduction, a deduction of up to 20% of earned income, child care expenses, out-of-
pocket medical expenses of elderly or disabled household members, legally owed child support 
payments, and shelter costs in excess of 50 percent of a household’s net income. 
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example, Iowa and Michigan permit gross monthly incomes up to165% and 200% of the poverty 
line respectively rather than 130% of the poverty line, however their net income tests remain 
equivalent to federal guidelines. 
Despite establishing program eligibility, not all individuals choose to participate in 
SNAP.  In 2008, an estimated 66% of eligible individuals nationwide participated (Cunnyngham 
and Castner 2010).  A household’s participation decision is influenced by program and eligibility 
awareness, perceived stigma associated with participation, the transaction costs of participating, 
and other factors.  Stigma includes the self-imposed and perceived negative perceptions of others 
(Moffitt 1983).  This suggests that individuals residing in areas with higher program participation 
may be more likely to participate as perceived disapproval from others diminishes.  Transactions 
costs that may deter eligible households include:  time spent compiling and completing 
paperwork, traveling to program sites, and enrolling and recertifying eligibility, and the 
availability and cost of transportation (Gundersen and Oliveira 2001).  This suggests that there 
are location and household specific factors that affect participation.  Additional factors such as 
recent unexpected expenses, other expenditures, perceived future earnings potential and the 
availability of financial support from other sources including family, friends, and religious 
institutions may also impact participation decisions.   
 
2.2.2 The Supplemental Nutrition Assistance Program and Obesity 
The effect of SNAP participation on obesity is theoretically ambiguous due to 
ambiguities in the directional effect participation may have on energy consumption and energy 
expenditure.  In response to increases in income brought about by SNAP participation, 
individuals may increase their consumption of food overall which, in the absence of other 
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changes, can lead to increases in weight.  However, individuals may also change the bundle of 
foods they consume.  Choosing to purchase and consume more unhealthy foods that are higher in 
caloric content could lead to increases in weight.  Conversely, individuals may choose to 
purchase and consume less calorie dense foods which could lead to reductions in weight.  Further 
complicating theoretical predictions, changes in overall caloric intake resulting from changes in 
quantity or type of food consumed may be accompanied by other changes in consumption 
behavior (Meyerhoefer and Pylypchuk 2008).  The receipt of SNAP enables households to 
reallocate overall household resources and potentially consume more other goods, goods which 
could lead to increases in weight (e.g., more sedentary activities) or could lead to decreases in 
weight (e.g., more exercise).  Additionally SNAP participation may reduce household stress and 
ameliorate associated stress related weight outcomes. 
Researchers exploring relationships between SNAP participation and obesity suggest 
several other potential mechanisms through which participation may influence obesity outcomes 
positively, negatively, and in indeterminate directions further underscoring the ambiguous 
relationship.  For example, the monthly program benefit cycle may result in times of over- and 
under-consumption leading to weight gain in adults or children (Dinour et al. 2007; Townsend et 
al. 2001).  Studies suggest that there are observed differences in food expenditure patterns among 
participants by time of month, however, Townsend did note this hypothesis has not been tested 
(Townsend et al. 2001).  In contrast, Ver Ploeg and colleagues (2007) suggest that SNAP 
participation may also encourage more nutritional meals eaten at home by restricting benefits to 
food for home consumption as there is evidence food eaten away from home may have higher fat 
content.  Alternatively, by virtue of the income effect and reallocation of household resources for 
food consumption, participation may also allow households to choose more restaurant meals  
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(Ver Ploeg et al. 2007).   
It is also unclear whether SNAP participation influences nutritional outcomes among all 
household members in the same manner.  We may expect the relationship between SNAP 
participation and weight outcomes to differ among household members due to differences in 
meal consumption patterns and the potential for reallocation of household resources among 
members after receipt of SNAP benefits.  SNAP benefits may be used for food for home 
consumption, and the proportion of meals prepared and or eaten at home may differ between 
children and adults.  For low-income children, meals prepared at home likely account for only a 
portion of total caloric intake, and other nutritional programs like the National School Lunch 
Program, Summer Food Service Program, and the School Breakfast Program likely provide some 
dietary consistency for children in like households regardless of SNAP participation status 
(Dinour et al. 2007).  Additionally, the receipt of SNAP benefits may influence caloric intake 
among children and their parents differently if parents, who may have sacrificed for their 
children in the absence of program benefits, benefit from the ability to redistribute resources 
within the household.   
The theoretical ambiguity is matched in empirical findings where some have found 
SNAP to be associated with increases in obesity among young girls (Gibson 2004) and adult 
women (Baum 2011; Gibson 2003; Meyerhoefer and Pylypchuk 2008) while others have found 
SNAP to be associated with decreases in obesity among young boys (Gibson 2004), and non-
Hispanic, white men (Ver Ploeg et al. 2007).  Further reflecting this theoretical ambiguity, 
studies have also found no statistically significant effect of SNAP on obesity among older 
children (Gibson 2004), foreign-born, unmarried mothers (Kaushal 2007), children (Ver Ploeg et 
al. 2007), adult women (Fan 2010; Ver Ploeg et al. 2007), Mexican-American men (Ver Ploeg et 
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al. 2007), and adult men (Baum 2011; Gibson 2003; Meyerhoefer and Pylypchuk 2008).  While 
empirical findings differ, methodological approaches also vary across studies.  Approaches 
include standard ordinary least squares and logistic regression modeling, fixed effects models, 
difference in difference methods, and instrumental variables methods.  What follows is a review 
of recent studies among children and adults that employ different methods. 
Several studies have used ordinary least square or logistic regression to explore the 
relation between SNAP participation and weight outcomes.  For example, using cross-sectional 
data from the Third National Health and Nutritional Examination Survey (1988-1994), 
Bhattacharya and Currie examined the relationship between federal nutrition program 
participation and obesity among adolescents (2001).  With fixed BMI cutoffs, they found that 
Food Stamp Program participation was not significantly related to obesity.  The authors 
acknowledged that these findings may be biased by unobservable factors affecting child BMI 
and program participation.   
Using linear regression (for continuous outcomes) and logistic regression (for binary 
outcomes), Ver Ploeg and colleagues hypothesized that if a significant relationship existed 
between SNAP and obesity, it would persist over time (2007).  Using multiple periods of cross-
sectional data, they found that while program participants were more likely to be overweight 
than income-eligible non-participants in years past, there was no significant relationship between 
program participation and weight status when analyzing 1999-2002 National Health and 
Nutrition Examination Survey (NHANES) data.  So, like Bhattacharya and Currie this study 
finds no significant relationship between program participation and weight status in recent years.  
While the authors specifically restrict their analysis sample to income-eligible individuals, they 
also acknowledge that this approach does not control for potential selection bias.   
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Two other studies applied similar methodological approaches with different findings.  In 
a cross-sectional study of the association between food insecurity and overweight status, 
Townsend and colleagues found that Food Stamp Program participation was a significant 
predictor of overweight in adult women but there was no significant relationship among adult 
men and suggested that the food stamp cycle hypothesis warrants further research (Townsend et 
al. 2001).  Jones and colleagues used data from the 1997 Panel Study of Income Dynamics 
(PSID) Child Development Supplement to investigate associations between nutritional program 
participation and child weight by household food insecurity status (2003).  Using multivariate 
logistic regression, they found that participation in the Food Stamp, National School Lunch, and 
School Breakfast Programs had no effect on risk of overweight among boys ages 5 to 12 or 
among girls in the same age range in food secure households.  However, girls from food insecure 
households that participated in all three programs had lower risk of overweight compared to non-
participants in similar households.  Like the above mentioned studies, these studies do not 
account for unobserved factors that may influence program participation and weight status or the 
potential influence of weight status on participation decisions.   
Other recent studies have accounted for the potentially endogenous relationship between 
SNAP participation and obesity outcomes using different methods.  Gibson (2003; 2004) and 
Baum (2004) have used longitudinal data and fixed effects.  Gibson used panel data to examine 
the impact of length of enrollment in the Food Stamp Program on obesity status in two separate 
studies of adults and children.  Among adults, Gibson found that participation had no significant 
effect on obesity status among men, but increased the likelihood of obesity in women an 
estimated 9.1% (2003).  In a study of children, Gibson used data from the National Longitudinal 
Survey of Youth (NLSY) 1979 to explore the role of long-term Food Stamp Program 
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participation and overweight using ordinary least squares and logistic regression models with and 
without family- and child-specific fixed effects to control for unobserved fixed characteristics 
that may affect both child weight status and program participation.  Gibson found that long-term 
program participation was positively related to overweight ( ≥ the 95th percentile of sex- and age-
specific BMI) in young girls, negatively related to overweight in young boys, and not 
significantly related to overweight among older children (Gibson 2004).  Gibson also considered 
several other possible sources of bias including changes in family eligibility status and maternal 
marital status, finding similar results.  The use of longitudinal data in these studies is especially 
beneficial because weight change occurs due to metabolic imbalances over time, so any 
hypothesized impact of program participation is likely to occur over time.  
More recently, Baum used fixed effects and found SNAP participation, and long term 
SNAP participation were significantly linked to obesity status and obesity gap, the percentage by 
which BMI exceeds the obesity threshold, among adult women (2011).  Baum’s use of the 
obesity gap measure (see Jolliffe 2004) advances the literature on this topic by recognizing that 
the real health effects of weight gain may be greater when they occur at higher BMIs, entirely 
above the obesity threshold.  In all three studies, the use of fixed effects models to control for 
unobserved characteristics that may influence both obesity and program participation is effective 
if the unobserved factors that differentiate participants from eligible non-participants do not 
change over time.  However, Fan suggests that this assumption is not without shortcomings as 
household program participation statuses often change (Fan 2010).  This shortcoming is 
exemplified through the stress hypothesis forwarded in this paper. 
Fan’s 2010 study of the effect of Food Stamp participation on obesity took yet another 
approach to isolate the treatment effect (i.e. the difference between weight outcomes if an 
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individual participated versus did not participate).  Fan used difference in difference methods 
based on propensity score matching.  Because only one outcome is unobservable, Fan imputed 
non-participation outcomes using data from individuals with similar propensity scores.  
Individuals were matched based on propensity scores developed after regressing Food Stamp 
Program participation on observable socio-demographic and geographic characteristics.  In doing 
so, Fan makes the assumption that unobserved characteristics affecting BMI would be correlated 
in identified ways with observable characteristics of individuals or environment.  Using data 
from the National Longitudinal Survey of Youth 1979, Fan finds no statistically significant 
evidence suggesting that long-term Food Stamp Program participation impacts BMI, obesity 
rate, or overweight rate among low-income women (Fan 2010). 
Additionally, some studies have used instrumental variables methods, or instrumental 
variables methods among other methods to explore the potential relation.  Using both individual 
and state-level program participation data, Meyerhoefer and Pylypchuk used panel data 
techniques to estimate the impact of program participation on obesity status finding female 
participants were 6.7% more likely to be obese (BMI≥30) than women who did not participate 
(2008).  This study treated Food Stamp participation as endogenous and used state-level program 
variables including federal program outreach expenditures per capita (for women) and state 
program recertification and fingerprinting requirements (for men) as instruments to help identify 
the model.  By recognizing and accounting for potential self-selection bias using instrumental 
variables, this study opens the door to further refinements including the use of more localized 
factors affecting program participation.   
Kaushal leveraged state responses to 1996 changes in immigrant eligibility criterion for 
the Food Stamp Program as instruments in a two-stage least squares estimation of the impact of 
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Food Stamp participation on weight outcomes (ln(BMI)) among low-income unmarried mothers 
and low-income unmarried mothers with less than 12 years of schooling.  Kaushal suggested that 
if program participation leads to obesity, then states that implemented the 1996 federal 
legislation denying immigrants food stamps and did not implement substitute state level 
programs should see a decline in obesity prevalence. Using state responses to federal legislation 
as instruments, and comparing results between a group affected by the legislation and another 
group that was unaffected to account for other factors that varied over time, Kaushal did not find 
a significant relationship between program participation and average BMI among immigrant 
women in the sample.  Using random changes in eligibility rules as instruments, these findings 
contrast sharply with the findings of prior studies among adult women that did not account for 
the potential endogeneity of Food Stamp participation (e.g. Townsend et al. 2001). 
The present study builds upon this body of work exploring the association between 
SNAP participation and obesity status by building on techniques used previously in the literature. 
This includes restricting the analysis sample to income-eligible individuals and explicitly 
accounting for potential bias due to household-selection into SNAP by extending the use of 
instrumental variables methods employed in studies of adults to a study of children.  At the same 
time, I use more localized county level instruments, because the local environment is likely to 
influence household participation decisions.  In addition, like Baum, this study employs both 
binary and continuous measures of obesity outcomes in recognition of the fact that changes in 
BMI that occur above obesity thresholds can have real health effects.  This study also controls 
for the potential effect of financial stress on child weight (see below).  However, in contrast to 
several previous studies, the cross-sectional nature of the data in the present study do limit the 
ability to explore causal relationships. 
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2.2.3 Household Financial Stress 
This study also recognizes the potential role of household stress on child obesity 
outcomes.  Family stress has been defined as “pressure of tension in the family system,” or 
disturbances to the steady state (Boss 1988, p. 12).  It results from stressor events that provoke 
unexpected and non-routine changes in the family system (Boss 1988).  These changes may 
impact children directly or indirectly. In addition, as stressors accumulate, their impact on 
parenting behavior and the home environment may grow resulting in heightened exposure to 
environmental stress among children in the household.  Exposure to household-level stressors 
has been associated with childhood obesity (Garasky et al. 2009).  Household stress may 
potentially affect child weight status directly via physiological responses or indirectly through 
behavioral changes influencing diet and exercise which in turn affect weight.  Physiologically, 
stressful experiences activate two functionally-related stress centers in the body, the 
hypothalamic-pituitary-adrenal axis and the central sympathetic nervous system.  Evidence 
suggests that through these reactions, perceived stress influences cortisol and hormone secretion 
resulting in metabolic abnormalities linked to weight gain (Bjorntorp 2001).  Stress may also 
influence body weight indirectly via child specific behavioral changes in response to the stress 
such as “stress eating” or changes in physical activity levels (for a review, see Gundersen et al. 
2011). 
Household financial stress is of particular interest because it may impact child weight 
through physiological mechanisms, via individual behavioral responses, or changes in parenting 
behavior or household consumption behavior in response to financial stress.  In addition, the 
relationships between SNAP, household financial stress, and childhood obesity are particularly 
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linked because SNAP participation may reduce stress at the household level by providing a 
designated stream of income for food, thereby influencing child obesity outcomes.   
Financial stress may also influence children’s diets via changes in household 
consumption.  Financial strain may lead parents to choose low-cost food alternatives or comfort 
foods.  Empirical studies have found that individuals under stress tend to consume more energy-
dense snack-type foods and less meal-type foods (Oliver and Wardle 1999; Zellner et al. 2006).  
In addition, families who were previously financially able to dine at restaurants may replace this 
experience with more affordable alternatives such as purchasing take-out or fast-food, or dining 
at home.   
Given the potential linkages between financial stress and obesity outcomes in children, I 
focus on the impact of stress arising from household finances.  At its most basic level, household 
financial stress arises from an inability to meet basic financial obligations with household 
resources.  Within households, researchers have found positive associations between a variety of 
household environmental stressors and obesity (see Gundersen et al. 2011 for a review).  For 
example, Garasky and colleagues (2009) found that mental and physical health problems in the 
household and household financial strain were significantly positively related to overweight and 
obesity among older children while living in household environments with little cognitive 
stimulation or emotional support was positively related to overweight and obesity among 
younger children.  Maternal factors including maternal stress (Stenhammar et al. 2010; 
Gundersen et al. 2008), maternal distress (Zeller et al. 2007), and maternal depression (Gibson et 
al. 2007) have also been associated with obesity among children.  This suggests that deepening 
our understanding of the way stress influences obesity outcomes, particularly in relation to 
household resources such as nutritional safety net programs may inform better policy.    
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2.3  Empirical Model 
Our interest is in whether participation in SNAP or SNAP participation in the presence of 
household financial stress affects childhood obesity.    The central two-stage least squares 
models I estimate are as follows: 
OBij=α+βSNAP*i+λFSi +γXi+εi       (1) 
SNAPi= α+ λFSi+γZi+εi 
where i denotes an individual child; j denotes the measure of obesity being used (discussed 
below); SNAP =1 if a household participates in SNAP, 0 otherwise; FS is an index of financial 
stress; X and Z are vectors of covariates, X≠Z; and ε is an error term.  In estimating these 
models, I account for potential clustering at the household level due to multiple children residing 
in the same household. 
This study uses two-stage least squares estimation with instrumental variables to address 
potential selection bias. In particular, individuals who select into SNAP may be different from 
eligible individuals who do not participate in unobservable ways that cannot be explicitly 
included in the regression model such as differences in health status, depression, and food 
preferences.  As a result, in the absence of corrective measures, the role of these unobservable 
factors or any preexisting differences in weight status between participants and non-participants 
could be mistakenly attributed to SNAP participation.  Failure to address this issue could result 
in inconsistent estimates because SNAP participation may be correlated with the error term.  
Correlation violates the OLS assumption that the covariance between the explanatory variable, 
SNAP participation and the error term is zero, interfering with estimation of the unique effect of 
SNAP on obesity (Gujarati and Porter 2009).   
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Estimation via two-stage least squares (2SLS) is helpful in this situation because it allows 
us to obtain consistent estimates of the effect of SNAP participation.  Using Stata software’s 
instrumental variables regression via 2SLS, I first estimate SNAP participation using the vector 
of exogenous variables that includes all variables in the obesity outcome equation except SNAP 
participation and additional exogenous variables that are correlated with SNAP participation but 
uncorrelated with the error term.  Doing so, I obtain fitted values for SNAP participation.  Then, 
the fitted values for SNAP participation are used in place of the observed values for SNAP 
participation to estimate the obesity outcome models. 
 
2.4  Data 
Data for this study originate from the Survey of Household Finances and Childhood 
Obesity, a sample survey of households with children conducted from 2009-2010.  The focus of 
the survey was on households experiencing financial stress.  As a consequence, the survey 
sampling frame was composed of low-income metro and non-metro counties (poverty rates 
above 20%) in three Midwestern states, Illinois, Iowa, and Michigan.  Relevant for this paper, 
the survey includes household demographic information including age and gender of children, 
child height and weight, objective and subjective household financial stress indicators, and 
SNAP participation.  Data were collected in two stages: 1) a telephone interview involving the 
majority of data collection and 2) a mailed survey to gather the measured height and weight of 
children in participating households.  Surveyors interviewed the adult in each household deemed 
most knowledgeable about household finances, hereinafter called “respondent.”  
For the present study, this dataset has three key advantages.  First, there is a rich array of 
variables portraying financial stress at the household level.  These include objective indicators of 
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financial stress such as whether someone has missed a credit card payment; or whether someone 
has postponed needed medical care due to financial constraints.  In contrast, previous studies 
have relied on a more limited set of measures (e.g., Garasky et al. 2009; Gundersen et al. 2008).  
Secondly, the survey data include county-level residency information enabling us to control for 
potential selection bias using county-level characteristics such as the SNAP participation rate and 
proportion of the population that is African-American.  Finally, the survey data provide 
children’s height and weight, used in the derivation of BMI percentiles. 
 
2.4.1 Measures 
2.4.1.1 Indicators of Weight Status 
This article uses three different measures of overweight in children: overweight status, 
depth of overweight, and severity of overweight.  To determine these, I first calculated each 
child’s body mass index (BMI, kg/m2) using child height and weight data.  Each BMI was then 
mapped to a percentile assignment.  The percentile assignments were based on the Centers for 
Disease Control and Prevention BMI-for-Age growth charts for the United States (Ogden et al. 
2002).3  In this study, a child is classified as overweight if their BMI exceeds the 85th percentile 
of BMI for age and gender.4  Respondents reported obtaining child height information from the 
                                                 
3 The 2000 growth charts used for this study are updates to 1977 National Center of Health 
Statistics growth charts.  The charts were created from data collected between 1971 and 1994 
(for children ages 2 to 6) and data collected between 1963 and 1980 for children ages 6 to 19.  
Data from 1980 through 1994 were excluded from chart development for older children because 
the prevalence of overweight among these age groups was much higher in later years.  Clinical 
researchers had already recommended the use of the 85th and 95th percentiles as thresholds in 
identifying children at risk of overweight, so chart developers wanted to prevent recent weight 
trends from disproportionally influencing the base growth charts used for the purposes of 
identifying healthy and overweight individuals (Ogden et al. 2002).   
 
4 In 1994, the Expert Committee on Clinical Guidelines for Overweight in Adolescent Preventive 
Services, commissioned by two national health initiatives, released a recommended protocol for 
22 
 
child’s school, doctor, or home measurement in 45% of cases and estimating height in another 
55% of cases.  In contrast, respondents reported obtaining child weight data from a measured 
source (school, doctor, or home measurement) in 57% of cases and estimating in 43% of cases.  
Over 93% of measurements were taken within 6 months of the survey.   
Using the BMI percentile and the overweight cutoff I establish three measures of 
overweight status.   These can be expressed as follows: 
α
α BMIPER-sOB =
z-s
 
 
 
 if BMIPER ≥ s      (2) 
OBα = 0 otherwise 
where BMIPER is the BMI percentile, s is the overweight cutoff (in this case, the 85th percentile 
for BMI), and z is the maximum value of the BMI percentile. When α is equal to 0, this results in 
a binary measure of obesity/overweight, i.e., a child is obese or not obese. When α is equal to 1, 
the result is a measure of overweight depth (also called “overweight gap”) as defined by Jolliffe 
(2004). Similarly, when α is equal to 2, the result is a measure of the severity of overweight (also 
called “overweight gap squared”).  These measures of a child’s weight status are similar to those 
defined for poverty by the Foster-Greer-Thorbecke class of poverty measures (Foster, Greer, and 
Thorbecke 1984).  
                                                                                                                                                             
identifying adolescents at risk of overweight in clinical settings.  Specifically, adolescents with 
BMI  ≥ the 95th percentile should be considered overweight and adolescents with BMI  ≥ the 85th 
percentile should be considered at risk of overweight.  We use the 85th percentile risk measure in 
this study.  A measure based on weight and height was chosen over other potential measures 
such as those based on other biometric measures given that it might be easier to obtain more 
reliably in a wide variety of settings.  BMI for age and gender, which is based on both height and 
weight was chosen over a weight-for-age measure to better capture the importance of lean tissue 
and stature.  In determining appropriate cutoffs, BMI percentiles were evaluated on their ability 
to identify individuals with high body fat (Himes and Dietz 1994). 
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The primary advantage of moving beyond the standard binary measure is that these 
alternative measures capture differences in BMI percentiles above the overweight threshold.  
Such differences would not be reflected in the binary overweight status measure but may have 
real health effects (Jolliffe 2004).  These measures recognize that the risk of negative health 
related outcomes increases with BMI so a child who far exceeds the overweight threshold has a 
greater risk of negative health outcomes than a child with a BMI in the 86th percentile.  Given 
that Jolliffe found that severity of obesity is higher among low income individuals (2011), a 
population that is more likely to be influenced by financial stress, understanding drivers of 
weight change above the overweight and obesity threshold is particularly important.  
Additionally, the negative health and social adjustment effects of obesity that likely increase with 
BMI are particularly concerning within households facing financial stress, those with potentially 
the least access to quality care.  So, using multiple measures capable of capturing differences 
above the thresholds are important for this study.  To facilitate comparisons across the different 
measures of obesity employed in this study, I use standard linear two-stage least squares models 
in all cases.  This holds even when considering the binary measure of childhood obesity. 
 
2.4.1.2 Financial Stress Index 
Financial stress indicators in the literature are diverse in composition ranging from major 
life events to daily stressors such as meeting day-to-day expenses.   This study draws upon 
existing measures of a household’s ability to meet current needs and expenses in our 
conceptualization of financial stress.  Several recent studies have linked difficulties meeting 
daily expenses to adverse mental and physical child health outcomes (Jackson et al. 2000; 
Wadsworth and Compas 2002; Gutman, McLoyd, and Tokoyawa 2005; Garasky et al. 2009).   
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Empirical evidence suggests that the stress experience can be cumulative in nature, so 
stress level often depends on an accumulation of stressor events.  In addition, events are often 
clustered as one stressor event can trigger a series of addition events, amplifying the stress 
experienced through “stress pile-up” or stress proliferation (McKenry and Price 2005; Pearlin et 
al. 2005).  Because the degree to which a child perceives household stress is likely influenced by 
the magnitude of such stress, an accumulation of stressors measure is more appropriate for the 
present study than individual stressor events.   
The measure of financial stress is derived from a series of six objective questions in 
which respondents were asked about experiences over the last twelve months.  The implicit time 
lag recognizes that obesity outcomes are not instantaneous, but rather result from stress induced 
metabolic abnormalities or other energy imbalances that persist over time.  Specifically, the 
survey asked respondents, in the last twelve months have you (1) been late paying your utility or 
phone bill(s); (2) ever missed a credit card or other loan payment by 60 days or more; (3) ever 
been late on a mortgage or rent payment by 30 days or more; (4) used a payday loan or other 
high interest rate loan; (5) had to sell property or possessions to pay your bills; and (6) postponed 
medical or dental care because you could not afford it.  Dichotomous responses (yes=1, no=0) 
are summed to create an objective financial stress index ranging from 0 (experienced 0 of the 6 
stressors) to 6 (experienced all 6 stressors).  Equal weight is given to all stressor events given the 
highly individual nature of the stress experience which confounds efforts to weight particular 
stressor events. 
McKenry and Price (2005) suggest that the magnitude of stress experienced often 
depends upon family specific characteristics and perspectives.  This suggests that subjective 
measures of financial stress may also be beneficial as they can reflect an individual’s perception 
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of stressor events.  So, I re-estimate the models using a subjective measure of stress.  
Specifically, respondents were asked how often they struggle to make ends meet.  “Always” or 
“often” responses were considered a sign of financial stress and assigned a value of 1, all other 
responses (i.e., sometimes, rarely, or never) received a value of 0. 
 
2.4.1.3 Instruments for SNAP Participation 
 The central variable in the analysis is SNAP participation.  As discussed above, I 
instrument for SNAP participation.  Effective instruments must be correlated with SNAP 
participation, but uncorrelated with the error term, and instruments must not directly affect 
obesity outcomes.  To instrument, I utilize geographic information available in the data set about 
county of residence to link individual and regional data.  Previous work examining the effect of 
SNAP on other health outcomes has utilized information defined at the state-level as instruments 
(e.g., Meyerhoefer and Pylypchuk 2008; Yen et al. 2008).  In this paper, I use a lower-level of 
aggregation, namely county-level. I use county-level data from the 2005-2009 American 
Community Survey5 and the U.S. Census Bureau SNAP estimates6 including the median income, 
percent of the population that is black or African American, percent of the population that is 
                                                 
5 The American Community Survey is an ongoing sample survey of the U.S. Census Bureau that 
is sent to approximately 3 million addresses each year to collect detailed demographic, housing 
and economic data.  By pooling data over multiple years, the Census Bureau now releases 
detailed data each year for even the smallest counties included in our study.  The U.S. Census 
Bureau released the first set of data for small counties covering the period of 2005-2009 enabling 
us to more closely match the survey years from which our instrumental variables are constructed 
to that of the sample survey containing the individual level data used in this study than was 
previously possible. 
 
6 The U.S. Census Bureau obtains county-level SNAP participation estimates (typically for the 
month of July) from the U.S. Department of Agriculture, Food and Nutrition Service.  County 
level participation estimates are controlled to state level estimates. 
 
26 
 
Hispanic or Latino and estimated county SNAP participation rate7 as instruments to help identify 
the model (U.S. Census Bureau 2005-2009; U.S. Census Bureau 2007).   
We would expect county median income to be positively associated with participation 
rates as food prices may be higher in these counties, so low-income individuals may be more 
inclined to join the Program. Similarly, we would expect eligible individuals to be more likely to 
participate if they reside in counties with high participation rates due to increased program 
awareness fostered by word of mouth among participants and potentially less stigma associated 
with participation.  Higher participation rates may also be indicative of high cost of living areas, 
increasing the likelihood that an individual may participate to make ends meet.  I also control for 
other county-level demographic factors that may affect selection. 
 
2.4.1.4 Other Covariates  
This study employs a standard set of other variables that are commonly used in the 
SNAP-obesity literature. Namely, it includes variables reflecting the education level of the 
respondent (high school graduate versus non-graduate from high school), household income 
(defined as the midpoint of income brackets)8, health insurance status (with insurance versus 
without insurance), race (black versus non-black), ethnicity (Hispanic versus non-Hispanic), 
household size, and marital status (currently married versus currently not married).  Given the 
                                                 
7 The SNAP participation rate is calculated by dividing the estimated number of SNAP 
participants in each county from the 2007 Census SNAP file by the number of individuals in 
each county with income below 150% of the poverty line.  The number of individuals with 
income below 150% of the poverty line is estimated by first calculating the 150% of poverty rate 
using American Community Survey data from the sample of individuals for which the ratio of 
income to poverty is known, then multiplying the resulting rate by the total county population. 
8 Income brackets in the Survey of Household Finances and Childhood Obesity include: 1) less 
than $10,000, 2) $10,000 to $15,000, 3) $15,000 to $20,000, 4) $20,000 to $25,000, 5) $25,000 
to $30,000, 6) $30,000 to $40,000, 7) $40,000 to $50,000, 8) $50,000 to $60,000, 9) $60,000 to 
$75,000, 10) $75,000 to $100,000, and 11) more than $100,000. 
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importance of genetic factors in determining a child’s weight I include a variable reflecting 
whether the respondent is overweight or not (based on respondent self-reports of whether they 
consider themselves to be underweight, normal weight, or overweight).9   
 
2.4.2 Analysis Sample 
The sample is restricted to children who are eligible for SNAP (see Ver Ploeg et al. 
2007).  As discussed above, to be eligible for SNAP, a household must meet the gross and net 
income tests and the asset test.  Since the dataset does not provide sufficient information to 
measure net income and assets, I focus on gross income eligibility.  Because gross income 
eligibility tests vary by state, this study uses the more stringent 130% of the poverty line federal 
requirement as an indicator of gross income eligibility.10  Given the study’s focus on children, 
the lack of information about assets should also not lead to substantial errors in defining 
eligibility (Gundersen and Offutt 2005).  The asset test could be important for a sample that 
includes a high proportion of households headed by an elderly person (Haider, Jacknowitz, and 
Schoeni 2003).  As discussed, this is not the case for this sample.  
Our sample includes 374 children between the ages of 2 and 18 who live in households 
with income less than 130% of the poverty line.  Children under two years of age are not 
included because there is no consensus method for establishing BMI percentiles for young 
                                                 
9 In our sample, the child’s parent was the respondent in 87.8% of cases, and the child’s 
grandparent was the respondent in an additional 8.9% of cases (totaling 96.7% of cases), so 
respondent weight serves as a reasonable proxy for genetic factors influencing child weight. 
 
10 The gross income thresholds for Iowa and Michigan were both higher than 130% of the 
poverty line – 165% and 200% respectively.  In states with higher gross income cutoffs, there 
may be more families that are gross income eligible but not net income eligible.  Because 
eligibility requires both, and there is not sufficient information to ascertain net income eligibility, 
I use the 130% of the poverty line federal gross income threshold to signify eligibility in this 
study. 
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children.  After dropping observations with incomplete data, our final analysis sample includes 
360 income-eligible children. 
 
2.5  Results 
2.5.1 Descriptive Results 
The analysis sample includes 360 children ages 2 to 18.  Within the sample, 45.4% of 
children are overweight (BMI ≥ 85th percentile for age and gender based on CDC growth charts).  
This far exceeds the national average of three out of every ten children (Ogden et al. 2010).  
Additionally, 70.3% of children in the sample participate in SNAP.  Program participation rates 
do not differ significantly by child overweight status.  In addition, the average household 
financial stress index level does not differ significantly by SNAP participation status or by child 
overweight status (see Table 2.1).  Though the sample was limited to children in households with 
incomes below 130% of the poverty line (SNAP eligible households), as expected, average 
household income is lower among children in households that participate in SNAP.  This 
supports the notion that eligible households experiencing greater amounts of financial strain are 
more likely to enter the program.  Half (49.7%) of children live in households headed by married 
couples, though parental marital status differs significantly for children who are SNAP 
participants versus non-participants; non-participant children are more likely to live in 
households with married parents than program participants.  As reported in Table 2.1, the 
average household size for children in the sample is nearly five people, though it is smaller for 
children who are overweight (average household size of 4.72 people for overweight children 
compared to 5.22 people among healthy weight children).  Given the importance of genetic and 
environmental factors, it is also worth noting that nearly three out of every five children in the 
sample lived in households in which at least one adult self-identified as overweight.   
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2.5.2 Multivariate Results 
The multivariate regression results for the models estimated without the financial stress 
index are presented in Table 2.2.  This study finds that participation in SNAP has a significant 
negative effect on overweight status, depth of overweight and severity of overweight among 
children at a 5% significance level.  The estimated marginal effect on the probability a child is 
overweight is -0.552, meaning that a 1% increase in an eligible child’s probability of entering 
SNAP leads to a 0.55% decrease in the probability that the child will be overweight (p-value: 
0.046).  In addition, increases in the propensity to enter the program lead to decreases in the 
depth of overweight (or the percentage by which a child exceeds the 85th percentile threshold for 
age and gender), and the severity of overweight (or the squared percentage by which a child 
exceeds the 85th percentile threshold).   
  As expected, the respondent’s (parental) overweight status is positively associated with 
the binary measure of child overweight status reflecting the role of genetic factors.  In this case, 
income-eligible children with an overweight parent are 12.8% more likely to be overweight than 
children without an overweight parent (p-value: 0.067).   Surprisingly, the respondent’s 
overweight status is not significantly related to depth or severity of overweight.  In addition, the 
respondent’s age and marital status are negatively associated with the depth and severity of 
overweight (the overweight gap and overweight gap squared measures).  However, the estimated 
marginal effect of the respondent’s age is much smaller in magnitude than that of marital status 
or SNAP participation.   
The determinants of SNAP are largely as expected with larger families, poorer families, 
and families headed by younger and single persons being more likely to participate.  Two out of 
four instruments for SNAP participation are significant predictors of participation behavior.  
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Program eligible households living in counties with higher estimated SNAP participation rates 
are significantly more likely to participate.  In fact, each percentage point increase in the county 
participation rate increases the probability that an eligible household will participate by 0.814%.  
Similarly, eligible households residing in counties with higher median incomes are also more 
likely to participate. 
The multivariate regression results for the models estimated with the financial stress 
index presented in Table 2.3 are roughly similar to those in Table 2.2.  When controlling for 
household financial stress, participating in SNAP again has a significant negative effect on child 
overweight status, depth, and severity. The estimated marginal effects of SNAP participation on 
obesity outcomes are similar in magnitude to estimates from the model without a household 
financial stress control variable.  A 1% increase in a child’s probability of SNAP participation 
decreases the probability of overweight of the eligible child by an estimated 0.57%, and 
decreases the depth of overweight (or the percentage by which a child exceeds the 85th percentile 
threshold) by 0.535, and the severity of overweight (or the squared percentage by which a child 
exceeds the 85th percentile threshold) by 0.080.   
In contrast to prior research, model results also suggest, surprisingly, that household 
financial stress level is not significantly associated with child overweight status, depth, or 
severity.  Other significant associations are similar to those presented in Table 2.2.  Specifically, 
respondent age and marital status are significantly associated with the depth and severity of 
overweight.  The depth and severity of overweight are lower among program eligible children 
with married parents and older parents.  The determinants of SNAP participation are similar to 
those in Table 2.2 for similar variables.  In addition, the effect of household financial stress on 
SNAP participation is positive and significant (p-value: 0.075). 
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2.5.3 Robustness Checks  
2.5.3.1 Measures of Financial Stress 
This study includes several robustness checks.  First, using the full sample, the findings 
with respect to the associations between SNAP participation and financial stress (after 
controlling for SNAP participation) and overweight status, depth, and severity were somewhat 
surprising given prior findings.  However they were robust to alternative definitions of financial 
stress (see Table 2.4 for a summary).  The models estimated with the subjective measure of 
financial stress in place of the financial stress index were similar in significance (e.g., SNAP 
participation had a significant negative association with all measures of child weight, financial 
stress was not significantly associated with any measure of child weight, respondent weight was 
significantly positively associated with child overweight status and respondent age and marital 
status were significantly negatively associated with the depth and severity of overweight).  In 
addition, when used independently in the model, after controlling for SNAP participation, only 
one of the components of the financial stress index was significantly related to child overweight 
status, depth, or severity.  Being late on utility or phone bills in the last twelve months was 
significantly positively related to child overweight status, depth, and severity (p-values:  0.064, 
0.060, and 0.054 respectively).  It was also the only financial stress component that, when used 
independently as the sole measure of financial stress, altered the significance of other variables 
within the models (for example, household health insurance status became a significant predictor 
of overweight status). 
A second reason for the surprising findings with respect to financial stress may be that 
children of all ages are grouped in this sample.  Researchers have found that the impact of 
household stress on child obesity varies by child age (Garasky et al. 2009).  This suggests that 
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developmental stage likely impacts the stress experience and stress response.  So, grouping all 
children regardless of age may mask differences in the effect across ages.  When estimating the 
models using a subsample of low-income teenagers (child age > 12 years), household financial 
stress was also not associated with any of the 3 weight status measures, however, the sample size 
was relatively small (n=139).  However, respondent’s weight was consistently significantly 
related to child overweight status and depth in models controlling for financial stress using both 
the financial stress index and the subjective measure of stress among this subsample. 
 
2.5.3.2 Validity of Instruments 
To examine the validity of the instruments for SNAP participation including county 
median income, percent of the county population that is black or African American, percent of 
the county population that is Hispanic or Latino, and estimated county SNAP participation rate, 
we explore characteristics of good instruments.  Instruments should be correlated with the causal 
variable of interest (Angrist and Pischke 2009).  As seen in Tables 2.2 and 2.3, two of the four 
instruments, county median income and county SNAP participation rate are significant predictors 
of the propensity of an individual to enter SNAP.  When considered jointly using an adjusted 
Wald Test, we can reject the null hypothesis that the coefficients for the four instruments are 
zero (alternative hypothesis is that at least one coefficient is different from zero) at a 0.105 
significance level in the first stage regression estimated without the financial stress index and at a 
0.121 significance level in the model estimated with the financial stress index.  Instruments must 
also be unrelated to the error process.  Given that the model is over-identified, I test the null 
hypothesis that the instruments are valid using a Sargan chi-squared test (test statistic = 0.143, 
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p:value = 0.986) and a Basmann chi-squared test (test statistic = 0.138, p:value = 0.987).11  In 
both cases we find no evidence that the chosen instruments are not valid. 
 
2.5.3.3 Functional Form 
In two-stage least squares estimation, fitted values from the first stage regression model 
are used in place of observed values of the endogenous regressor in second stage model 
estimation.  Because I use a linear probability model in the first stage to predict probability of 
SNAP participation it is possible that the model may predict probabilities of participation below 
zero and above one.  If a significant number of the predicted values fall into these categories, we 
may have particular cause for concern in interpreting model results as the predicted values could 
exhibit more variation than may actually be observed.  So, I further explore the fitted values.  
The mean estimated probability of SNAP participation among the analysis sample from the first 
stage regression estimated with and without the financial stress index was 0.703 (linearized 
standard error: 0.019).  Within the analysis sample, an estimated 70.3% of children lived in 
SNAP participating households.  Additionally, no fitted values were less than zero and only 8% 
of fitted values (29 total) exceeded one.  The maximum predicted probability was 1.15 while the 
minimum was 0.16, so the range of fitted values would not exceed that of a binary participation 
decision. 
I also estimated a model using the continuous variable child body mass index as the 
outcome variable in place of the binary obesity measure.  I conduct this robustness check 
because the model with the binary outcome variable (obesity) was initially estimated using a 
linear probability model in order to facilitate comparison across models.  With a binary outcome 
variable, this approach can present several problems including non-normality and 
                                                 
11 Reported for model 1 in Table 2.2.  Test statistics for all models were similarly insignificant. 
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heteroscedasticity of the error term (violations of OLS assumptions).  In the BMI model, I also 
control for child gender and age, as a “healthy” body mass index can vary depending on these 
characteristics.  Using BMI as an outcome measure, SNAP participation has a significant, 
negative association with child BMI among eligible individuals (p-value: 0.006 in model without 
financial stress and 0.009 in model controlling for financial stress).   
 
2.5.4 Discussion 
2.5.4.1 SNAP Participation and Childhood Obesity 
Model results suggest that factors other than SNAP participation may be contributing to 
childhood obesity among low income individuals.  In fact, this study’s findings suggest that 
increasing a household’s propensity to enter the SNAP program has positive nutritional 
outcomes in children as measured by three different measures of child weight outcomes, obesity 
status, depth, and severity. 
 
2.5.4.2 Household Financial Stress and Childhood Obesity 
Household financial stress is a significant predictor of childhood obesity as identified in 
prior studies (see Gundersen et al. 2011 for a review).  This study includes a measure of financial 
stress in the models presented in Table 2.3.  The insignificant findings in these models and in 
models using alternative measures of financial stress (see Table 2.4) suggest that within this 
sample of low-income individuals, financial stress is not significantly related to childhood 
obesity outcomes.  However, this says little about the role of financial stress in child obesity 
outcomes among a more income diverse or geographically diverse population.  In fact, we may 
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expect there to be less variation in the magnitude of financial stress experienced in our sample of 
low income households in comparison to the broader population.   
 
2.5.4.3 Limitations and Areas for Further Research 
These results are sensitive to respondent reported child height and weight and individual 
weight status.  Further research may consider alternative measures based entirely on measured 
sources.  In addition, the present study uses cross-sectional data.  However, because obesity 
results from energy or metabolic imbalance over time, further research may consider the 
relationships between financial stress, program participation, and child obesity using longitudinal 
data including financial stress, body weight and other factors over time to further understand 
these dynamic relationships.  Further research may also wish to consider data sets from a broader 
population.  This work uses a survey of households in counties with high concentrations of 
poverty.  While this sample selection is intended to reflect households more likely to be under 
financial stress, broadening to include other counties may present some new insights, particularly 
because program participation behaviors, financial stress, and obesity and the relations between 
the three may be different in counties with different characteristics.  Finally, this sample is drawn 
from three states in the Midwest.  Other areas of the country may have different relationships 
between stress, SNAP participation, and childhood obesity.   
 
2.5.4.4 Policy Implications 
Given the small and geographically limited sample size and limitations associated with 
using respondent reported measures of personal and child weight status, I use caution in 
considering broad policy implications of this study.  However, significant findings with respect 
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to the SNAP participation and obesity suggest that policies and outreach geared toward 
increasing the propensity of eligible households to enter the SNAP program may lead to 
reductions in childhood obesity. 
 
2.6  Conclusion 
Using data from the 2009-2010 Survey of Household Finances and Childhood Obesity to 
compare child obesity outcomes among SNAP participants and eligible non-participants, this 
study finds that SNAP participation is negatively associated with obesity status, depth, and 
severity in children in low-income counties in Illinois, Iowa, and Michigan with and without 
controlling for household financial stress.  Our findings reject the conjectures of some observers 
that SNAP participation leads to obesity, in fact, this study finds the opposite is true.  By 
providing income support for the purchase of food, participation in SNAP may lessen stress-
related health effects or enable low income households to choose different food bundles 
including more healthy food options.  Additionally, program participation may allow families to 
reallocate household resources, choosing different combinations of food and other goods to 
achieve better health outcomes.  Program participation may also increase low-income 
households’ exposure to health and nutrition information as nearly all states now have a program 
education component.  Further research may explore the mechanisms through which SNAP 
participation influences lower rates of obesity among eligible children.  
This study benefits from a rich array of household demographic, program participation, 
and financial stress variables contained in the Survey of Household Finances and Childhood 
Obesity.  The study builds on prior work by using instrumental variables to control for selection 
into SNAP and using continuous measures of child weight in addition to a more traditional 
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binary measure in order to analyze factors that may influence child weight with real health 
outcomes entirely above overweight thresholds.   
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2.7 Tables 
 
 
Table 2.1.  Descriptive Statistics     
 
Eligible 
Sample 
SNAP 
Participants 
SNAP Non-
Participants Overweight 
Not 
Overweight 
  (1) (2) (3) (4) (5) 
SNAP Participant 0.703  1.000  0.000  0.693  0.711  
Respondent Hispanic or Latino 0.083 0.067 0.121 0.092 0.076 
Respondent Black 0.178 0.178 0.178 0.172 0.183 
Respondent High School Graduate 0.858 0.842 0.897 0.847 0.868 
Respondent's Marital Status 0.497 0.423 0.673** 0.479 0.513 
Respondent's Overweight Status 0.597 0.601 0.589 0.669 0.538* 
Household Has Health Insurance 0.661 0.672 0.636 0.693 0.635 
Respondent's Age 41.244 40.154 43.822* 41.202 41.279 
 
(0.824) (0.949) (1.600) (0.975) (1.051) 
Household Size 4.997 5.079 4.804 4.724 5.223* 
 
(0.198) (0.248) (0.318) (0.172) (0.259) 
Household Income / 10,000 2.051 1.918 2.367* 2.055 2.048 
 
(0.082) (0.093) (0.157) (0.086) (0.104) 
Financial Stress Index 2.072 2.198 1.776 2.086 2.061 
 
(0.122) (0.141) (0.235) (0.153) (0.139) 
County SNAP Participation Rate 0.552 0.560 0.535 0.541 0.562 
 
(0.010) (0.012) (0.018) (0.011) (0.012) 
County Median Income/ 10,000 4.245 4.240 4.254 4.240 4.248 
 
(0.037) (0.044) (0.069) (0.051) (0.038) 
County Percent Black 0.122 0.120 0.127 0.119 0.124 
 
(0.012) (0.013) (0.025) (0.015) (0.014) 
County Percent Hispanic or Latino 0.058 0.056 0.063 0.060 0.056 
  (0.005) (0.006) (0.009) (0.007) (0.005) 
Note: Number of observations is 360.  Linearized standard errors reported in parentheses. *Different from 
column (2) or (4) as appropriate, p ≤ 0.05.  ** Different from column (2) or (4) as appropriate, p ≤ 0.01. 
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Table 2.2.  Results, Effect of SNAP Participation and Household Variables on Overweight 
Status, Depth, and Severity 
 
Overweight 
Depth of 
Overweight 
Severity of 
Overweight 
SNAP 
Participation 
 (1) (2) (3) (4) 
SNAP Participation -0.552 -0.528 -0.079 
 
 
(0.275)** (0.247)** (0.035)** 
 Household Size -0.007 -0.004 0.000 0.061 
 
(0.025) (0.022) (0.003) (0.018)*** 
Respondent Hispanic or Latino -0.038 -0.018 -0.003 -0.168 
 
(0.136) (0.114) (0.016) (0.149) 
Respondent Non-Hispanic Black -0.038 0.011 0.003 -0.107 
 
(0.089) (0.076) (0.011) (0.091) 
Respondent High School Graduate -0.063 -0.003 0.002 -0.054 
 
(0.097) (0.081) (0.011) (0.084) 
Respondent's Age -0.006 -0.006 -0.001 -0.008 
 
(0.004) (0.003)* (0.000)* (0.003)** 
Respondent's Marital Status -0.133 -0.163 -0.028 -0.199 
 
(0.105) (0.095)* (0.014)** (0.091)** 
Respondent's Overweight Status 0.128 0.065 0.007 0.045 
 
(0.069)* (0.062) (0.009) (0.070) 
Household Income / 10,000 -0.021 -0.006 0.000 -0.161 
 
(0.058) (0.052) (0.008) (0.060)*** 
Household Has Health Insurance 0.098 0.065 0.008 0.041 
 
(0.069) (0.058) (0.008) (0.073) 
County SNAP Participation Rate 
   
0.814 
    
(0.369)** 
County Median Income/ 10,000 
   
0.248 
    
(0.131)* 
County Percent Black 
   
-0.422 
    
(0.296) 
County Percent Hispanic or Latino 
   
-1.177 
    
(1.015) 
Constant 1.139  0.964  0.131  -0.199 
  (0.379)*** (0.337)*** (0.048)*** (0.614) 
Note:  Number of observations is 360.  Standard errors are reported in parentheses.  *Significant at 10% level; 
**Significant at 5% level; ***Significant at 1% level 
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Table 2.3. Results, Effect of SNAP Participation and Household Financial Stress on 
Overweight Status, Depth, and Severity 
 
Overweight 
Depth of 
Overweight 
Severity of 
Overweight 
SNAP 
Participation 
 (1) (2) (3) (4) 
SNAP Participation -0.568 -0.535 -0.080 
 
 
(0.286)** (0.256)** (0.037)** 
 Household Size -0.009 -0.006 0.000 0.057 
 
(0.025) (0.022) (0.003) (0.018)*** 
Respondent Hispanic or Latino -0.017 -0.001 -0.001 -0.139 
 
(0.134) (0.112) (0.016) (0.147) 
Respondent Non-Hispanic Black -0.042 0.008 0.003 -0.109 
 
(0.089) (0.076) (0.011) (0.094) 
Respondent High School Graduate -0.084 -0.019 0.000 -0.080 
 
(0.101) (0.083) (0.012) (0.086) 
Respondent's Age -0.005 -0.005 -0.001 -0.007 
 
(0.004) (0.003)* (0.000)* (0.003)** 
Respondent's Marital Status -0.143 -0.170 -0.029 -0.206 
 
(0.107) (0.097)* (0.014)** (0.090)** 
Respondent's Overweight Status 0.119 0.058 0.006 0.031 
 
(0.070)* (0.062) (0.009) (0.069) 
Household Income / 10,000 -0.025 -0.008 -0.001 -0.163 
 
(0.058) (0.052) (0.008) (0.059)*** 
Household Has Health Insurance 0.116 0.079 0.010 0.058 
 
(0.070)* (0.059) (0.008) (0.071) 
Financial Stress Index 0.038 0.029 0.004 0.045 
 
(0.028) (0.025) (0.004) (0.025)* 
County SNAP Participation Rate 
   
0.746 
    
(0.372)** 
County Median Income/ 10,000 
   
0.258 
    
(0.129)** 
County Percent Black 
   
-0.411 
    
(0.297) 
County Percent Hispanic or Latino 
   
-1.247 
    
(1.001) 
Constant 1.081 0.913 0.123 -0.282 
  (0.369)*** (0.327)*** (0.047)*** (0.601) 
Note:  Number of observations is 360.  Standard errors are reported in parentheses.  *Significant at 10% level; 
**Significant at 5% level; ***Significant at 1% level 
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Table 2.4.  Estimated Marginal Effects of Alternative Financial Stress Measures 
 
Overweight 
Depth of 
Overweight 
Severity of 
Overweight 
SNAP 
Participation 
  (1) (2) (3) (4) 
Trouble Making Ends Meet -0.033 -0.027 -0.003 0.039 
 
(0.069) (0.059) (0.008) (0.070) 
Late Paying Utility or Phone Bills 0.140 0.130 0.019 0.155 
 
(0.075)* (0.068)* (0.010)* (0.075)** 
Credit Card or Loan Payment Late 60+ 
Days 0.058 0.037 0.007 0.117 
 
(0.088) (0.077) (0.011) (0.077) 
Mortgage or Rent Payment Late 30+ Days 0.074 0.040 0.004 -0.017 
 
(0.088) (0.075) (0.011) (0.080) 
Used Payday or High Interest Loan -0.033 -0.046 -0.006 0.031 
 
(0.121) (0.109) (0.015) (0.118) 
Sold Property to Pay Bills 0.129 0.102 0.015 0.085 
 
(0.096) (0.086) (0.012) (0.077) 
Postponed Medical/Dental Care 0.018 0.026 0.004 0.088 
  (0.077) (0.070) (0.010) (0.080) 
Note:  Standard errors are reported in parentheses.  *Significant at 10% level; **Significant at 5% level; 
***Significant at 1% level 
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CHAPTER 3 
REGIONAL ECONOMIC STRESS AND ADULT OBESITY 
 
3.1  Introduction 
 From 1980 to 2002, the adult obesity rate in the United States doubled.  By 2004, nearly 
one in every three adults (32.2% of individuals 20 years of age and above) was obese and nearly 
5% of adults could be considered “extremely obese” (Ogden et al. 2006).1  Individual obesity has 
been associated with significant health and personal costs.  Researchers studying the health 
effects of obesity have found unhealthy body weight is associated with a wide range of near and 
long term physical health outcomes including diabetes, cardiovascular disease and high blood 
pressure (National Institutes of Health 2007).  In addition, one estimate suggests that medical 
spending by all payers is over $1,425 higher annually for an obese adult than for an adult with 
normal weight (Finkelstein et al. 2009).  In light of high prevalence rates and the growing body 
of evidence detailing its effects and costs, obesity has become a public health priority.  While 
numerous studies have investigated the relationships between physical activity and diet and 
obesity, the potential influences of other environmental factors including regional economic 
stress are less understood.  
 
  
                                                          
1 Ogden and colleagues calculated adult obesity prevalence using data from the 2003-2004 
National Health and Nutrition Examination Survey (NHANES), a nationally representative 
survey of the population which contains measured height and weight data. Height and weight 
data were used to calculate body mass index (BMI), in kilograms/square meter.  Adult obesity 
was defined as BMI of 30 or above and extreme obesity was defined as BMI of 40 or above. 
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3.1.1 Spatial Variations in Obesity Prevalence 
In the United States, some places experience disproportionately high obesity rates.  As 
seen in Figure 3.1, obesity rates are particularly high relative to other regions in counties 
throughout much of the Mississippi Delta, the Appalachian region, and the Southeastern U.S. 
coastal region.  Researchers mapping obesity prevalence across U.S. counties have found both 
variation in obesity rates across space and significant clusters of counties with high prevalence 
rates and clusters with low prevalence rates (Michimi and Wimberly 2010).  Studies have also 
found that obesity prevalence varies along the rural-urban spectrum and may disproportionately 
affect rural areas (Henderson and Low 2006; Jackson et al. 2005).   
In addition to variation along the rural-urban spectrum, there are also marked differences 
in obesity prevalence rates across places that are more similar in urban character.  For example, 
after controlling for factors known to be associated with obesity, Ford and colleagues found 
significant differences in obesity rates across 100 Metropolitan Statistical Areas (2005).  Not 
surprisingly, spatial variations extend beyond weight status to health behaviors such as healthy 
food consumption and physical activity (Ford et al. 2005; Millward and Spinney 2011).   
While there are a number of known genetic, metabolic, and behavioral factors that affect 
weight status at an individual level, the variations in obesity prevalence and health behaviors 
across space and the dramatic rise in obesity prevalence in recent years raise questions about the 
importance of context, such as regional or macroeconomic factors in determining individual 
health behaviors and obesity outcomes.  Concerning the former, variations at all spatial scales 
have generated an active interest in environmental determinants of obesity across disciplines 
ranging from urban planning and geography to public health and epidemiology.  Research on 
regional or neighborhood factors influencing obesity has largely focused on the food 
44 
 
environment (e.g., Ahern et al. 2011; Chou, Grossman and Saffer, 2004; Dunn 2010; Jilcott et al. 
2010; Lopez 2007), access to physical activity opportunities and recreational amenities (e.g., 
Boehmer et al. 2006; Jilcott et al. 2011; or see Wendel-Vos et al. 2007 for a review), and the 
built environment (e.g., Ahern et al. 2011; Ewing et al. 2003; Plantinga and Bernell 2007; Zhao 
and Kaestner 2010).  These studies explore relationships between aspects of physical setting and 
individual outcomes.  Yet public health models that formalize relationships between environment 
and obesity suggest that other aspects of a person’s environment including economic, political, 
and sociocultural factors may also influence obesity outcomes (Swinburn, Egger, and Raza 
1999).  Toward this end, researchers have explored the potential role of neighborhood 
socioeconomic characteristics (e.g. Lopez 2007; Robert 1999) and social networks (Christakis 
and Fowler 2007; Cohen-Cole and Fletcher 2008), and this study explores another such potential 
relation.  Recent literature has already identified that an important determinant of obesity is 
stress (Bjorntorp 2001; or see Gundersen et al. 2011 for a review).  At the same time, we know 
that like obesity, regional economic stress varies across the country and stress in the environment 
has been linked to individual stress.  So, one additional explanation for variations in obesity 
prevalence across space may be variations in exposure to environmental stress.    
This study examines the question of whether regional economic stress is associated with 
individual weight outcomes.  The study uses data from the Behavioral Risk Factor Surveillance 
System and administrative sources to explore the relation between county level economic stress 
and individual obesity outcomes.  Using instrumental variable methods to control for potential 
omitted variable bias, this study examines the role of two specific measures of county stress:  
employment stress and stress arising from low educational attainment and finds that county 
educational stress is significant and negatively related to individual body mass index.  
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3.2  Theoretical Framework 
Theoretically, regional economic stress is likely positively associated with individual 
obesity outcomes.   Environmental stress may influence obesity outcomes in two ways:  1) 
directly as stress in the environment triggers the individual stress experience and a physiological 
response or 2) indirectly via changes to health-producing behaviors or the health benefits of 
those behaviors.  This section discusses the direct and indirect potential linkages between 
regional stress and obesity, relates these linkages to the stress measures used in this study, and 
references two theoretical frameworks that are helpful in understanding these relationships, the 
analysis grid for environments linked to obesity (ANGELO) and neighborhood effects theory. 
 
3.2.1 Direct Effects 
3.2.1.1 Individual Stress Experience and Obesity 
Physiologically, experiencing stress activates two functionally-related stress centers in 
the body, the hypothalamic-pituitary-adrenal axis and the central sympathetic nervous system.  
Evidence suggests that through these reactions, perceived stress influences cortisol and hormone 
secretion, resulting in metabolic abnormalities linked to weight gain (Bjorntorp 2001).  If 
environmental stressors lead to individual stress, this is one mechanism through which regional 
stress may influence obesity. 
 
3.2.1.2 Links Between Environment and Individual Stress Experience 
The physiological link between environmental factors and individual stress levels is well-
established, and supports the notion that aspects of an individual’s environment may trigger 
stress resulting in the physiological reaction described above.  This linkage has been observed in 
experimental and controlled environments.  For example, one study examined the link between 
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pleasant versus stressful environments and the individual stress experience by exploring the role 
of landscape view in the patient recovery experience.  In this study, patients recovering from the 
same surgical procedure in the same hospital were matched by demographic and health-related 
attributes.  During recovery, one patient in the pair viewed trees through the hospital room 
window while the second patient’s view was a brick wall.  The study found that patients with the 
tree view spent less time in the hospital, complained less to hospital staff, and took fewer doses 
of strong pain medications (Ulrich 1984).  This suggests that environment influences individual 
physiological outcomes including stress which has already been linked to weight outcomes via 
hormone imbalances as described above.  In addition, studies have found that stressful 
environments may moderate the health impact of health behaviors such as physical activity.  For 
example, in a study of adults exposed to different environmental scenes including pleasant and 
distressed environments while exercising on a treadmill, researchers found that exposure to 
pleasant environments had greater positive effects on blood pressure and measures of mental 
health than exercise alone (Pretty et al. 2005).  These studies support the hypothesis that stressful 
environments are linked to physiological and mental health outcomes such as stress.  So, 
environmental factors may influence individual stress, and individual stress has been linked to 
obesity. 
 
3.2.1.3 County Stress and the Individual Stress Experience 
With respect to the measures employed in this study, living in an employment or 
education stressed county can be stressful for individuals in and of itself (i.e. economic stress in 
the environment can trigger individual stress).  For example, both may impact individual 
perceptions regarding future employment prospects, economic opportunity, home values and the 
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like, all potential sources of individual stress.  Regardless of individual employment status, 
changes in local employment such as the closing of a major employer can trigger individual 
stress (e.g. picture a local doctor’s concern for the future of her established practice following a 
large plant closing).  Similarly local educational attainment may influence a region’s ability to 
attract new industries or retain employers that may find similarly skilled employees in places 
with lower costs of production.2  Such stressors may result in the physiological reaction 
described above or behavioral changes that impact energy balance. For example, empirical 
studies have found that individuals under stress tend to consume more energy-dense snack-type 
foods and less meal-type foods (Oliver and Wardle 1999; Zellner et al. 2006).  Taken together, 
regional stress may be directly linked to obesity via physiological modes or behavioral modes. 
 
3.2.2 Indirect Effects 
As mentioned above, exposure to regional economic stress may also influence energy 
balance, and subsequently weight outcomes indirectly via its influence on the health environment 
and subsequent health behaviors such as physical activity or dietary intake.  To better understand 
the indirect mechanisms through which regional stress may influence physical activity and 
dietary behaviors, this study applies conceptual models and theories from public health and 
economics including the analysis grid for environments linked to obesity (ANGELO) and 
neighborhood effects theory to the study of environmental stress and obesity.   
 
 
                                                          
2 One current topic in rural and regional development literature is resiliency.  Local community 
and labor force characteristics may influence the futures of places facing regional economic 
stress.  The human capital endowments and skill sets of the local labor force may better position 
some regions for recovery.  
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3.2.2.1 The ANGELO Model 
Swinburn, Egger, and Raza’s ANGELO model establishes a foundation for exploring the 
relationship between regional economic stress and obesity.  The model was originally designed 
to capture the interdependence of individuals, their environments, and their health and to identify 
and prioritize interventions at an environmental level that support healthy weight (1999), but it 
also sheds light on the breadth of potential factors that may influence obesity outcomes.  The 
model formalizes the relationship between environmental setting and obesity by identifying four 
different types of contextual factors that may influence health behaviors and unhealthy weight:  
physical, economic, political, and socio-cultural factors (Swinburn, Egger, and Raza 1999).  
Within this framework, the physical, economic, political, and sociocultural characteristics of an 
individual’s immediate environment are influenced by broader “macro” policies.  This study 
focuses specifically on economic and socio-cultural factors.  Applying the ANGELO framework, 
economic factors such as regional economic stress characterized by low employment, may 
impact individual health by influencing the economic cost to a regional resident of engaging in 
health behaviors (more later).  This ANGELO framework highlights the role of economic factors 
in an individual’s environment in individual obesity outcomes and provides support for this 
analysis.  So, just as prior studies have explored relationships between the physical environment 
and obesity, there is also reason to explore the potential role of economic factors such as regional 
stress.  I now turn to neighborhood effects theory to better understand potential mechanisms. 
 
3.2.2.2 Neighborhood Effects Theory  
Neighborhood effects theory is concerned with the study of social or environmental 
determinants of individual behavior and outcomes (Durlauf 2004).  It builds on microeconomic 
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and endogenous growth theory, sociology, and psychology.  The theory has been applied in a 
wide variety of contexts from understanding the existence of poverty traps, to studying the role 
of school or neighborhood context in educational outcomes, to examining spillover effects 
among similar industries (for reviews see Dietz 2002 and Durlauf 2004).  In these applications 
“neighborhoods” can be physical or social constructs.  Manski (1993; 2000) suggests several 
different ways through which social or environmental context may influence individual behavior.  
An individual’s behavior may change with the behavior of those within the neighborhood (e.g. 
peer effects), an individual’s behavior may change with endogenous characteristics of a group, 
individuals within the group may have similar behavior due to like institutional exposure, or 
individuals within the same group or neighborhood may behave similarly due to similarities 
between individuals in the group.  The last case Manski cites (i.e. individuals behaving similarly 
due to similarities between individuals in the neighborhood), suggests a different process entirely 
may explain variation.  In particular, neighborhood formation may play a role in explaining 
differential behavioral prevalence across neighborhoods and may influence other pathways 
through which environmental factors influence behavior (I will return to this later) (Manski 
1993; Manski 2000).  
 
3.2.2.3 The ANGELO Framework, Neighborhood Effects, and Environmental Stress 
While studies of neighborhood effects have largely concerned social or economic 
outcomes (Dietz 2002), the ANGELO framework described above suggests that neighborhood 
effects frameworks and concepts may be useful in understanding health behaviors and resulting 
health outcomes including obesity.  In fact, while few public health studies explicitly cite 
“neighborhood effects” theory by name, empirical support points to the influence of 
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neighborhood effects such as peer effects on individual health behaviors.  For example, public 
health researchers have shown that having a partner for exercise is an important determinant of 
physical activity (Wendel-Vos et al. 2007).  This is likely because it raises accountability and 
overall enjoyment encouraging individuals to exercise more often, at higher intensities, and/or 
for longer periods of time.  This suggests that the exercise behavior of others influences 
individual preferences for exercise (i.e. there is a neighborhood effect).   
Using insights from the ANGELO model and mechanisms identified in the neighborhood 
effects literature, I will next discuss how regional economic stress (i.e. stress in the neighborhood 
defined as an individual’s county of residence) may influence individual obesity outcomes by 
influencing individual preferences and constraints and the individual cost of specific activities.  
The present study considers the effect of county-level economic stress on obesity using two 
different measures of regional economic stress employed frequently in regional economics 
literature:  1) stress arising from low levels of employment and 2) stress arising from low overall 
educational attainment.  Utilizing mechanisms from neighborhood effects theory, I discuss each 
measure and how regional stress, as measured by each of these indicators, may indirectly 
influence individual obesity.   
 
3.2.2.4 Indirect Theoretical Linkages between County Employment Stress and Obesity 
Employment and unemployment rates are often used measures of place-level economic 
well-being or stress.  For example, the county unemployment rate was one of four criteria 
applied by Isserman, Feser, and Warren when defining rural county prosperity (quite the 
opposite of county stress) (2009).  Low levels of county employment, a sign of regional 
economic stress, may influence individual obesity by reducing access to health production 
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resources for county residents.  For example, areas of low employment may have lower 
collective demand for goods that rely on discretionary income like health clubs and gyms.  So, 
these businesses may be less likely to locate in low demand, low employment counties.  In 
addition, regional economic stress influences local finances and public good provision.  Counties 
with low employment rates may have less capacity to raise revenues via tax receipts for 
resources like quality sidewalks, trails, and public safety.  As a result, variations in regional 
employment rates may result in differential access to health resources across regions imposing 
different costs to physical activity and potentially affecting preferences for physical activity 
differentially along the regional employment stress spectrum.   
Differential access to private and public opportunities for physical activity implies that 
the cost associated with health producing behaviors differs by place of residence and potentially 
then by degree of regional economic stress.  Following Dunn (2010), the cost of health 
producing behaviors includes the value of time spent, disutilities associated with engaging in the 
behavior, and the monetary cost.  In this case, the first two may be involved because an 
individual with multiple fitness options within a short distance of their home, or quality 
sidewalks and a safe environment outside their front door may face a lower cost and thus be 
more likely to exercise than those who do not.  The notion that the physical activity environment 
may influence individual health behaviors and outcomes is supported empirically by studies 
finding that the presence of natural amenities, recreation facilities, exercise equipment, 
connected trailways, and sidewalks, and the convenience of recreation facilities and trails may 
influence exercise behaviors and obesity outcomes (Boehmer et al. 2006; Jilcott et al. 2011; 
Wendel-Vos et al. 2007 for a review).  Thus, economic stress may influence individual health 
behaviors and consequently obesity outcomes via its effect on the health environment. 
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Low employment levels may also influence physical activity norms affecting obesity 
outcomes via peer effects.  Having a partner for exercise is an important determinant of physical 
activity (Wendel-Vos et al. 2007), so living in a region with fewer exercisers could impact an 
individual’s ability to have a partner for exercise and thus, his or her preference for exercise.  
Additionally, Ellen, Mijanovich and Dillman (2001) suggest that social networks are one vehicle 
through which individuals communicate and shape norms about health related behaviors.  High 
stress counties may have fewer venues for the positive social feedbacks that influence exercise 
behavior.  Thus, regional employment stress may influence supply of health resources and 
resulting costs associated with health behaviors as well as behavioral norms for physical activity. 
 
3.2.2.5 Indirect Theoretical Linkages between County Educational Stress and Obesity 
The second measure of county stress in this study is stress arising from low average 
educational attainment.  At an individual level, researchers have found that educational 
attainment is positively associated with health production behaviors such as physical activity 
(Mullahy and Robert 2010).  This relationship could potentially be due to differences in time 
constraints facing individuals with different levels of educational attainment.  It may also result 
from differences in preferences for heath behaviors due to differential exposure to health 
information or health literacy.  One recent study points to the latter relationship suggesting there 
is a linkage between health and diet literacy and health behaviors.  In a recent study of diet, 
exercise behaviors and health outcomes, Chen and Huffman found that individuals who read 
food labels were more likely to exercise, and women who did so were less likely to be obese 
(Chen and Huffman 2011).   
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On a regional level, we might expect individual weight outcomes to be inversely related 
to county educational attainment because average educational attainment likely influences access 
to and diffusion of information within a region.  This includes health information.  For example, 
we might expect individuals residing in counties with high average educational attainment to 
have more access to health information and resources than similar individuals living in counties 
with lower overall educational attainment.  Health information may influence individual health 
behavior preferences as shown in the Chen and Huffman study described above.   
Like regional employment stress, regional educational attainment may also influence 
access to private and public health resources.  Private health clubs and gyms may be less likely to 
locate in regions where average educational attainment and subsequent earnings potential is 
lower.  In addition, regional educational stress, and accompanying lower earnings may influence 
local tax revenues, so some regions may have fewer public resources to provide trails, parks, or 
sidewalks in good repair.  As discussed in the context of employment stress, access to these 
resources influences individual costs and preferences associated with physical activity.   
In summary, empirical evidence suggests there may also be a physiological connection 
between stress in the environment and individual obesity.  The ANGELO public health 
obesogenic environment framework and neighborhood effects theory highlight potential 
mechanisms through which regional stress may influence individual obesity indirectly via the 
health environment and resulting health behaviors and by influencing access to health 
information and health preferences.  When taken together, county economic stress may influence 
individual obesity outcomes via a variety of mechanisms and may shed light on the present 
obesity epidemic.  While many studies have considered the role of specific aspects of the 
physical environment, this study suggests that regional economic stress may actually be driving 
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differences in the physical and informational environment resulting in differential obesity 
prevalence across space.  
 
3.3  Background and Review of Relevant Literature 
Recent work investigating the impact of environmental factors on obesity outcomes has 
largely focused on the influence of the general socio-economic environment, social networks, or 
physical aspects of the environment while the influence of regional economic stress has received 
less attention.  The present chapter will proceed as follows.  I begin by briefly reviewing some 
existing literature on environmental determinants of obesity that motivate the present study.  In 
doing so, I highlight methodological issues that complicate studies of environmental 
determinants of behavior and outcomes, addressed to various degrees and with diverse 
approaches in the reviewed studies.  I then review several methodological approaches employed 
in neighborhood effects studies that shed light on empirical approaches for the present research 
question. 
 
3.3.1 Review of Select Studies Exploring Neighborhood Factors and Obesity 
3.3.1.1 Obesity and Community Socioeconomic Characteristics 
Previous studies that most closely investigate the impact of regional stress on obesity 
include studies of regional socioeconomic status more generally and studies of neighborhood 
social effects and obesity.  Turning first to studies concerning the socioeconomic environment 
more generally, in 2008, Singh and colleagues conducted a state level analysis of individual and 
environmental factors influencing prevalence of adolescent obesity.  They explored the roles of 
income inequality, poverty, and violent crime finding that state level factors such as poverty rates 
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were significant predictors of obesity prevalence (Singh et al. 2008).  This study opens the door 
to further exploration using less aggregated regional data because the socioeconomic 
environment within states likely varies significantly and individuals may be more strongly 
influenced by their immediate environment.   
Robert (1999) used ordinary least squares and logistic regression analysis to examine the 
effects of neighborhood socioeconomic status, as measured through percentage of households 
receiving public assistance, on body mass index and physical activity.  Robert linked survey data 
with neighborhood (defined as census tract) socioeconomic data from the Census finding that 
neighborhood socioeconomic status was a significant predictor of BMI and physical activity after 
controlling for individual socioeconomic status.  The present study adopts a similar approach by 
linking individual level survey data with county level data from administrative sources.  
However, Robert’s approach requires the assumption that the model is correctly specified (there 
are no omitted variables), so it does not address the potential role of unobservable factors such as 
preferences, health status, or individual constraints that may influence both body mass index and 
selected neighborhood characteristics.  This issue has become a central component of the 
ongoing debate regarding potential environmental determinants of obesity and will be discussed 
more extensively later in this chapter.     
Lopez (2007) also studied the associations between neighborhood factors including 
socioeconomic characteristics and obesity risk in metropolitan Massachusetts.  Lopez used multi-
level modeling, defined “neighborhoods” as the area encompassed by zip codes, and included 
both neighborhood and individual level variables.  Focusing on the measures most relevant to 
this study, Lopez found that median income was inversely related to risk of obesity while 
employment density was positively associated with obesity risk.  Like Robert (1999), Lopez 
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recognizes that this study does not consider the potential role of unobservable individual factors, 
location selection or sorting processes.  While Lopez focused on Massachusetts due to 
geographic identifier availability, the relationship between regional economic stress and obesity 
may be different when observed in different geographic regions.  So, the present study will build 
on Lopez’s work by adopting a broader geographic scope including data from the majority of 
U.S. states.  In addition, the present study will also account for potentially omitted variables. 
 
3.3.1.2 Social Networks and Obesity 
The present study is also informed by the discussion regarding the potential impact of 
friends and social networks on obesity.  Christakis and Fowler examined the impact of social 
networks on obesity to see if obesity “spreads” within social networks resulting in clusters of 
obesity (2007).  They hypothesized that obesity may cluster within social networks 1) because 
individuals may choose to associate with people of similar weight status (selection), 2) because 
individuals with close social ties may be exposed to similar events or experiences (contextual), 
and 3) because peers may exert influence on individuals within the network (peer effects).  They 
were particularly interested in the third phenomena.  Using longitudinal data containing 
information about social and familial networks, they modeled individual obesity status as a 
function of individual attributes, individual obesity status in the previous period, and peer obesity 
status in the current and previous periods using logistic regression.  This study focused 
specifically on the coefficient of peer obesity status.  Christakis and Fowler used information 
about directionality of the friendship (i.e. whether the friendship was mutual or perceived by one 
person or the other) to distinguish between peer social effects (hypothesis 3 above) and the effect 
of being exposed to the same environment (hypothesis 2 above) by suggesting that if the primary 
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driver was similar contextual factors (hypothesis 2), direction of friendship should not matter.  
They found that individuals were more likely to become obese if a friend, sibling, or spouse 
became obese, and the magnitude of the impact varied by directionality of friendship.  The 
authors suggested that this implied the impact of a peer’s weight status was due to social 
influences and not contemporaneous exposure to similar environments.  They also found that the 
magnitude of the social influences did not vary significantly with geographic distance between 
individuals.  However, this study did not specifically account for potential contextual influences, 
and as Figure 3.1 suggests, obesity is clustered geographically suggesting context may play a 
role, so the assumption made regarding the role of directionality of friendship may be too strong. 
 Cohen-Cole and Fletcher (2008) highlighted the importance of considering the roles of 
selection and contextual effects when they reconsidered the same question.  Using the Add 
Health dataset containing information on friends, they re-estimated the model used by Christakis 
and Fowler.  However, they also controlled for selection into social networks by considering 
only changes in BMI after declarations of friendship.  They also controlled for contextual effects 
by adding a location (in this case, school) specific time trend variable.  Cohen-Cole and Fletcher 
found that friend’s BMI did not have a significant effect on individual BMI after controlling for 
school trends.  Their findings support the notion that growth in obesity is related to 
environmental factors, however, social network effects are likely not the driving force.  Cohen-
Cole and Fletcher used a school specific trend variable, but suggested that future models should 
consider various aspects of context more explicitly.  The present study concerns several of these 
potential contextual factors.   
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3.3.2 Neighborhood Effects Methods 
To inform the empirical strategy of the present study, we turn to neighborhood effects 
studies concerning the above reviewed and other topics.  Durlauf emphasizes that there is no 
consensus framework for the best way to study neighborhood effects (2004), and as seen in 
empirical work, the model specifications often depend on particular characteristics of the effects 
under study, the theoretical mechanisms through which they may influence the outcome of 
interest, and the data available.  As reviewed by Dietz (2002) and seen in the above review, there 
are several commonly employed approaches to studying neighborhood effects that address 
particular methodological concerns to various degrees.  The first discussed by Dietz is estimation 
by ordinary least squares.  These models typically include individual characteristics and 
neighborhood characteristics of interest.  This method was used by Robert (1999).  The approach 
assumes that all variables including neighborhood characteristics are exogenous and the model is 
correctly specified (i.e. there are no omitted variables).  This means that it does not address the 
role of location selection including the possibility that unobservable characteristics may 
influence the outcome variable and the neighborhood effects variable of interest.   
Researchers have also used individual or household fixed effects models including 
sibling studies to study environmental determinants (Dietz 2002). Cohen-Cole and Fletcher’s 
2008 study included model specifications with fixed effects.  In cross-sectional sibling studies, 
household fixed effects models are beneficial for addressing bias caused by unobservable 
omitted variables if the unobservable characteristics are similar within households.  In 
longitudinal studies, individual fixed effects are beneficial if the unobservable variables remain 
constant over time, however data limitations preclude individual or household level fixed effects 
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in the present study because we do not have information about familial relationships and the 
dataset is not longitudinal.   
Another method that is frequently employed in public health and sociology studies is 
multi-level modeling (e.g. Ewing et al. 2003; Irwin et al. 2004/5; Kim et al. 2006; or those 
reviewed in Ellen, Mijanovich, and Dillman 2001).  For example, to study the effect of county-
level civic attributes on individual migration decisions, Irwin and colleagues (2004/5) used 
multi-level modeling.  They included both individual and county level variables.  One advantage 
to this approach is that multi-level models allow for county-level random effects, enabling 
researchers to model unobserved qualities of place that may influence the individual level 
outcome of interest, in this case, migration decisions.  Similarly, Kim and colleagues used 
multilevel logistic regression with state-level random effects to study associations between state 
and county level social capital and adult obesity (2006).  Their models included state, county and 
individual level variables.  While multilevel models do allow researchers to account for 
unobserved qualities of place that may influence the outcome of interest, they frequently do not 
account for unobserved individual characteristics or location selection.  
Instrumental variable methods represent yet another alternative for neighborhood effects 
researchers (Dietz 2002; Durlauf 2004).  Instrumental variable methods are particularly helpful 
in addressing the problems of omitted variable bias and reverse causality (Angrist and Pischke 
2009).  In a classic example of instrumental variable use, Angrist and Krueger (1991) used 
instrumental variables and two-stage least squares estimation to explore the relationship between 
increased schooling and earnings.  They use season of birth as an instrument and leverage 
compulsory schooling laws.  Because compulsory schooling laws generally require individuals to 
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remain in school until they reach a specified age, children born in the spring may be required by 
law to remain in school longer than children born in the fall.  
Numerous studies have also employed instrumental variables techniques to explore 
neighborhood effects (e.g., Cutler and Glaeser 1997; Dunn 2010, Evans, Oates, and Schwab  
1992, Foster and McLanahan 1996).  Evans, Oates, and Schwab (1992) explored the effects of 
economic disadvantage of peer groups within schools on individual behavior including teenage 
pregnancy and the decision to drop out of school.  They find that while the effect of economic 
disadvantage among peers is statistically significant using a single equation probit model, it is 
not statistically significant when using instrumental variables and simultaneous equation 
modeling to account for choice of peer group.  This suggests that the effects of peer groups can 
be determined by or attributed to individual or family choices.   
In a different application, Cutler and Glaeser use instrumental variables to examine the 
impact of segregation on education, employment, earnings, and family structure outcomes.  They 
instrumented for the variable of interest, degree of segregation, three different ways due to three 
specific concerns with the measure.  Cutler and Glaeser were concerned, 1) that the 
neighborhood segregation measure may reflect omitted variables at a larger citywide scale, 2) 
that unobserved individual factors may influence outcome measures as well as neighborhood 
selection (omitted variable bias), and 3) that there may be other omitted characteristics that are 
associated with segregation.  They explore each concern individually using different sets of 
instruments ranging from number of governments within the Metropolitan Statistical Area and 
proportion of local revenue from federal and state sources, to number of rivers, (since areas with 
more natural boundaries may have more segregation), to place of residence five years previously 
(to address bias that may be caused by individuals with higher abilities leaving more segregated 
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areas).  Using these instruments, Cutler and Glaeser found that segregation is significantly 
related to negative outcomes among African Americans including educational attainment, 
idleness (not in school or working), earnings, and single motherhood (Cutler and Glaeser 1997). 
Similarly, Dunn used instrumental variables to aid in model identification when exploring 
the impact of fast food availability on obesity outcomes by gender, race, and county type (2010).  
Specifically, Dunn recognized that that there are unobserved characteristics related to the 
probability of obesity that may influence fast-food restaurant location decisions.  Unobserved 
preferences of regional residents such as the preference for good health may influence demand 
for fast food differently across counties depending on prevalence of said preferences, thereby 
impacting the number of fast food restaurants in a county.  Therefore, preference for health may 
actually explain differential obesity rates rather than differences in access to fast food.  Dunn 
treated the number of fast food restaurants as endogenous and used the number of interstate exits 
in a county to instrument for access to fast food establishments (Dunn 2010).  Results varied by 
county type, however Dunn did find a significant relationship between fast food availability and 
body mass index among women and minorities in medium-density counties.  Dunn’s study 
highlights the importance of accounting for omitted variable biases when studying community 
level effects to prevent attributing heterogeneity due to unobserved factors to these regional 
factors of interest.   While it can be challenging to find appropriate instruments for the study of 
neighborhood effects, and in some cases the ability of chosen instruments to reduce endogeneity 
bias has been questioned (Rivkin 2001), instrumental variables techniques remain an important 
tool particularly because data limitations and limiting assumptions frequently complicate the use 
of other methods such as fixed effects. 
  
62 
 
3.3.3 Contribution 
Cohen-Cole and Fletcher’s 2009 study highlighted the importance of context in 
understanding recent trends in obesity.  The present study seeks to understand how one specific 
aspect of context, regional economic stress may influence individual obesity outcomes.  While 
the theoretical mechanisms highlighted in section 3.2 suggest regional economic stress may exert 
both a contextual effect and an effect via social feedbacks, this study focuses specifically on 
contextual effects.  It builds on prior work examining the impact of regional socioeconomic 
context on obesity by working at a county level, including both individual survey and 
administrative data.  Additionally, learning from the approach in Dunn (2010), the present study 
recognizes that omitted variables, particularly unobservable characteristics that may influence 
weight outcomes and regional stress are important considerations, and if unaccounted for, their 
effects may otherwise be captured by the measures of regional stress.   
 
3.4  Data 
To analyze the relationship between regional stress and individual obesity outcomes, this 
study uses individual level survey data and county level administrative data.  The individual 
level data provide information on individual height and weight necessary to calculate outcome 
variables.  In addition, the survey data include individual level socioeconomic, demographic, and 
stress data necessary to control for known individual determinants of obesity.  County level data 
from administrative sources are included to control for regional variables with theoretical 
linkages to obesity and to construct our regional stress variables of interest.  This chapter outlines 
data sources and variables used in the analysis. 
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3.4.1 Data Sources 
3.4.1.1 Individual Level Data 
This study uses individual-level data from the 2001 Behavioral Risk Factor Surveillance 
System (BRFSS) (Centers for Disease Control and Prevention BRFSS Data 2001).  The BRFSS 
is an ongoing telephone survey administered by the Centers for Disease Control and Prevention 
(CDC) and state health departments to collect information about behavioral risk factors and 
preventive health practices among adults in households.  Data are used to develop state-level 
health estimates, identify trends in health problems and behaviors, and evaluate public health 
program effectiveness.  Each state asks participants a set of core questions to gather demographic 
information and information regarding health behaviors, perceptions, and conditions.  States may 
include additional optional or state-specific questions, though this study draws only from the 
core module.  BRFSS data is well-suited for this study because it provides the information 
necessary to calculate weight outcome variables of interest, to control for known socioeconomic 
and demographic correlates of obesity, and to control for individual level stressors.  In particular, 
the survey includes individual height and weight, used in the calculation of obesity measures; 
individual health behaviors including physical activity; individual level stress indicators such as 
employment status, educational attainment, household income, and household composition; as 
well as other relevant covariates including respondent race, ethnicity, age, gender, and smoking 
status.  In addition, the data include county of residence geographic identifiers.  This allows us to 
link individual and county-level data. The 2001 BRFSS data were chosen for this study in order 
to match data years for individual level and county level data as closely as possible. 
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3.4.1.2 County Level Data 
This study uses county-level data derived from administrative sources including the U.S. 
Census Bureau and the Economic Research Service of the U.S. Department of Agriculture.  The 
U.S. Census Bureau’s 2000 Decennial Census Long Form collected detailed socioeconomic, 
demographic, and employment data and was mailed to one in every six households in the nation.  
Data were collected first by mailed survey with follow-up inquires for non-respondents.  The 
Census Bureau aggregates data to numerous geographic units including the county level.  
Relevant to this study, the Census includes county employment, county employment by industry, 
county educational attainment, county population by age (used to normalize employment), and 
physical characteristics of each county including land area necessary for density calculations 
(U.S. Census Bureau 2000).   
In addition to the 2000 Census, two data products from the Economic Research Service 
provide contextual data of interest for this study.  The ERS Food Environment Atlas includes 
county level data on physical activity amenities that enable us to control for aspects of the 
physical activity environment.  This data is derived from the U.S. Census Bureau’s County 
Business Patterns program.3  In addition, researchers at the Economic Research Service also 
produced a county level Creative Class employment dataset of specific interest for this study.  
Given the theoretical connections between creative class occupations and employment growth 
(discussed in more detail later in the chapter), creative occupations data is used in the 
construction of instrumental variables for county economic stress.   
 
 
                                                          
3 The County Business Patterns program provides annual data on businesses by industry 
including number of establishments, total employment, and payroll.   
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3.4.2 Measures 
 Table 3.1 provides a complete list of variables included in this study with definitions. 
 
3.4.2.1 Measures of Weight Status 
The dependent variable in this study, a measure of weight status, is individual body mass 
index (BMI, kg/m2).  BMI is calculated by dividing an individual’s weight in kilograms by the 
squared value of height in meters (National Institutes of Health 1998).  Following prominent 
studies of obesity prevalence rates (Ogden et al. 2006), this study uses a measure based on both 
weight and height as opposed to weight alone to better capture the importance of lean tissue and 
stature to healthy body composition.  I use a continuous measure, BMI rather than a binary 
measure for this analysis. 
 
3.4.2.2 Regional Stress Measure 
This study considers two measures of regional stress:  stress arising from low overall 
educational attainment in an individual’s county of residence and stress arising from low county 
employment levels.  Educational attainment in the county is represented by percentage of the 
county population ages 25 and above with at least a bachelor’s degree and is constructed using 
data from the 2000 Decennial Census.  Given our stress hypothesis, we would expect the share of 
county population that has completed some higher education to be negatively associated with 
individual body mass index.    
Regional stress stemming from low employment in the county is measured by the county 
employment rate.  The employment rate was constructed by dividing the civilian employed 
population ages 22 to 64 by the civilian population in this age range using 2000 Census data.  
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Young adults and older adults are excluded to prevent issues related to college enrollment or 
retirement from disproportionately affecting this measure in counties with large populations in 
these age groups such as college towns or retirement destinations. Additionally, this study uses a 
measure of “employment” instead of “unemployment” because aggregate measures of 
unemployment often exclude discouraged workers, or individuals who are out of work but no 
longer looking for work.  This means that counties in which a large share of residents have been 
out of work for long periods of time and, as a result, have stopped looking for work may actually 
have fairly low “unemployment rates.”  The measure of county employment prevalence may 
more accurately measure environmental stress resulting when a larger percentage of residents 
would like to work, but do not have gainful employment. 
This study uses data to construct county stress variables that are time-lagged by one year 
relative to the individual level BMI data in recognition of the fact that factors affecting weight 
exert an influence over time, not instantaneously.  So, I measure environmental stress in a period 
that predates the measure of individual weight outcomes.  Further research may consider using 
individual level longitudinal datasets.  
 
3.4.2.3 Instruments for Regional Stress 
 Because there may be unobservable factors related to both individual BMI and the county 
stress variables of interest such as the unobservable “preference for good health,” unobserved 
constraints, or unobserved qualities of place, this study employs instrumental variables for both 
measures of regional stress.4  Effective instrumental variables must meet two conditions: 1) they 
                                                          
4 Preference for good health may influence individual body mass index and the type of 
environment that an individual chooses to live in.  For example, an individual who likes running 
outside may choose to live in a region with less stress so long as constraints do not impede the 
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must be correlated with the endogenous regressor(s) of interest and 2) they must not be 
correlated with the error process (Wooldridge 2009).  This study draws upon regional growth 
theory and in particular Richard Florida’s “Creative Class” hypothesis to inform the choice of 
instruments for both regional stress measures in order to find an instrument that meets the above 
mentioned criteria.  
Florida focuses on creative individuals and environments as drivers of regional growth.  
In particular, he suggests that creative activity is essential to growth, so the places that are well-
positioned to grow are those that successfully attract creative individuals (Florida 2003).  There 
are some occupations that tend to require high levels of this growth-generating creativity that 
Florida envisions, so places with larger proportions of people employed in these occupations 
may experience higher employment growth and less regional economic stress.  The ERS county 
creative class measure captures the prevalence of these jobs at a county level and is one 
instrument used in this study.  The measure is defined as the share of the employed county 
population over the age of 16 employed in a creative occupation and was created using 2000 
Census data (U.S. Department of Agriculture 2007).5  A list of qualifying occupations is 
included on the ERS website.   To satisfy instrument criteria, the measure should be highly 
related to the endogenous stress measure of interest.  If creative occupations are indeed strong 
predictors of regional growth as Florida posits, we would expect them to be highly related to 
county employment rates.   
                                                                                                                                                                                           
choice.  Similarly, unobserved individual constraints may also influence individual health 
outcomes and location selection.  Additionally, unobserved qualities of place may influence 
resident health outcomes and regional economic prospects. 
  
5 The ERS Creative Class dataset was created using data from the Bureau of Labor Statistics 
(BLS) and the 2000 Census (SF4).  Using the BLS O*NET dataset, researchers identified 
occupations that require a high degree of creative thinking.  Researchers further refined the 
classification of creative class employment by eliminating occupations that were typically 
proportional to the populations they served.   
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Additionally, creative class occupations typically require some higher education so we 
would also expect the measure of county creative class employment prevalence to be highly 
related to county educational attainment, satisfying the criteria that this measure be related to the 
second endogenous variables of interest.  While the factors driving differential human capital 
accumulation across space are not fully understood, we might expect the local occupational mix 
to influence demand for human capital within the region.  And, we might expect prevalence of 
creative class jobs in the local market to influence the educational decisions of county residents 
seeking to match their skills with local market opportunities.  For example, Abel and Dietz 
studied the role of academic research and development work, (work we would expect to be 
conducted largely through “creative class” occupations) on local human capital accumulation 
(2011).  Controlling for potential endogeneity issues using instrumental variables, they found 
that research and development activities at academic institutions were associated with increased 
local human capital levels by increasing both the supply and demand for human capital.  
Prevalence of creative jobs may also influence migration decisions of individuals that possess the 
educational requirements for those jobs.  Thus, the presence of creative jobs may influence 
migration decisions of individuals with the knowledge and skills to succeed in those jobs raising 
the overall educational attainment of counties with creative jobs.  
Because there are two endogenous regressors, identification conditions require that there 
be at least two instrumental variables.  The second instrument is the share of total county 
employment in agriculture, forestry, fishing, hunting, and mining.  This measure is also informed 
by the creative class hypothesis as we might expect to find relatively fewer “creative class” 
occupations within these more traditional industries. As such, share of county employment in 
these industries may be negatively associated with county employment rates and educational 
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attainment.  However, I do recognize that this measure is imperfect because it draws upon 
industry data from the 2000 Census rather than occupational data, and there are creative 
occupations, in the sense that Florida describes, and occupations that require high levels of 
education within these industries. 
 
3.4.2.4 Other Covariates – Included in All Models 
This study includes both individual and county level covariates.  Individual level 
covariates include individual level stressors, lifestyle factors, and known socioeconomic or 
demographic correlates of obesity.  Stressor on multiple levels may influence our obesity 
outcome of interest so I control for potential individual level stressors to better understand how 
stress in the environment relates to obesity.  For example, an individual’s weight may be 
influenced by the stress of personal unemployment as well as regional economic stress.  So, I 
control for individual level stress that may arise from individual unemployment or inability to 
work, low educational attainment, and individual family structure.  Data for individual level 
stress measures are derived from the BRFSS.  
Stress potentially arising from low individual educational attainment is modeled using 
two mutually-exclusive variables:  high school, (assigned a value of 1 if the individual’s highest 
educational attainment is completion of high school or a GED including some college but less 
than a 4-year degree, 0 otherwise); and college graduate (1 if the individual has completed a 4-
year degree or beyond, 0 otherwise).  Less than high school education is the omitted condition.  
Family structure stress is represented in the model by single parenthood (1 if the individual is a 
single-parent, 0 otherwise).  Single parenthood likely imposes constraints affecting time spent in 
health generating activities (such as exercise or meal preparation) and imposes other stresses that 
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could potentially be related to adverse weight outcomes.  Finally, the model includes two 
variables reflecting individual employment status related stress.  The constructed variable, 
unemployment, takes a value of 1 when the individual reported they were currently “out of 
work” for any length of time and a value of zero otherwise.6  The second variable, unable to 
work, takes a value of 1 if the individual noted they were “unable to work” and a value of zero 
otherwise (Centers for Disease Control and Prevention BRFSS Questionnaire 2001).  Both are 
expected to be associated with higher levels of stress and thus adverse weight outcomes.   
Ideally, I would create an individual level employment stress variable that most nearly 
matches the county-level employment stress variable in definition.  However, in this case, using 
a measure of employment, which more closely matches the county-level variable, such as one 
created by assigning a value of 1 if an individual is “employed for wage” and “self-employed” 
and a value of 0 otherwise, is problematic.  Individuals who may choose not to work or who no 
longer need to work outside the home such as students, homemakers, or retirees would be 
grouped with individuals who are unemployed, so the measure may not accurately reflect the 
effect of stress arising from unemployment.   
 This study also controls for individual-level lifestyle factors with known associations 
with obesity as well as individual socio-demographic characteristics employed commonly in the 
obesity literature.  These include race and ethnicity, gender, age, smoking status, and household 
income.  Specifically we include black (1 if individual is black alone and not Hispanic, 0 
otherwise); Hispanic (1 if individual is Hispanic, 0 otherwise); American Indian (1 if individual 
is American Indian or Alaskan Native alone, not Hispanic, 0 otherwise); female (1 if individual 
                                                          
6 BRFSS survey respondents were asked about their current employment status and had the 
following response choices:  1) employed for wages, 2) self-employed, 3) out of work for more 
than 1 year, 4) out of work for less than 1 year, 5) a homemaker, 6) a student, 7) retired, or 8) 
unable to work.    
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is female, 0 if male); age, represented by the natural log of age in years due to the non-linear 
relationship between age and BMI; and smoking status (1 if individual is a current smoker, 0 
otherwise).   A current smoker is an individual who identified as smoking everyday or some days 
at the time of the survey.   The measure of household income is the midpoint of the annual 
household income range selected by participants.  The minimum household income assigned is 
$10,000 and the maximum is $150,000.7 
 County level covariates include county population density and measures of physical 
activity amenities.  Population density may influence individual obesity outcomes via its impact 
on lifestyle.  For example, individuals living in less dense environments may engage in non-
leisure time physical activities such as lawn mowing or gardening while individuals in high 
density urban areas may engage in active commuting.  All are activities that are likely to affect 
energy balance and weight outcomes in differential ways across densities.  In addition, empirical 
findings after controlling for location selection issues suggest density is negatively related to 
obesity (Plantinga and Bernell 2007; Zhao and Kaestner 2010).  The population density measure 
used in this study is calculated using population and county land area data from the 2000 Census. 
 The availability of regional recreational amenities may also influence physical activity 
behavior and obesity outcomes.  Two measures of recreational amenities are employed to control 
for the potential influences of built and natural amenities.  The first, recreation facilities per 
thousand people, from the ERS Food Environment Atlas is likely negatively related to obesity.  
The second measure, described in McGranahan, Wojan, and Lambert (2011) is a measure of 
                                                          
7 The range of participant household incomes is not available because respondents simply select 
the income range that most nearly matches their annual household income.  Data from the 
Current Population Survey of the U.S. Census Bureau suggest that mean income among 
households in the highest quintile of income over the last ten years has ranged from 
approximately $142,000 to $171,000 in current (unadjusted) dollars, so $150,000 seems like a 
reasonable value (U.S. Census Bureau 2011). 
72 
 
natural amenity endowments (including climate, landscape, and recreational appeal) and is 
included because individuals may be more likely to exercise in environments that are conducive 
to physical activity such as those with scenic views and mild climates.  Thus we would expect it 
to be negatively related to unhealthy weight outcomes.  One weakness of this study is that county 
level covariates are potentially endogenous.  Further research might wish to consider other ways 
to control for multiple endogenous regressors with theoretical linkages to individual obesity.  
Similarly, the county recreational measure may be deemed an intermediate measure and may be 
influenced by other factors in the model. 
 
3.4.2.5 Other Covariates included in Some Models  
The final covariate is a measure of physical activity.  Much literature on obesity focuses 
on the role of physical activity, so it is a common regressor of interest.  However, individual 
physical activity levels may theoretically be influenced by other factors included in the model, so 
it may be better viewed as an intermediate health production variable.  I propose estimating the 
model with and without a control measure of individual physical activity.8   
 
3.4.2.6 Leisure Time Physical Activity Measure – Weekly MET Minutes 
 
This study uses a control measure of physical activity that is constructed from individual 
level BRFSS data and informed by physical activity literature.  Measures of leisure time physical 
activity in the literature of diverse in composition.  Many studies adopt measures that compare 
individual physical activity levels to recommended levels such as the joint recommendations 
provided by Centers for Disease Control and Prevention and the American College of Sports 
Medicine (CDC-ACSM) or the Institute of Medicine recommendations (e.g., Ewing et al. 2003; 
                                                          
8 In addition, given this paper’s specific focus on context, I will also estimate models including 
only county level variables. 
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Ford et al. 2005; Maas et al. 2008). Others focus on participation in any leisure-time physical 
activity, participation in specific types of physical activity such as walking, biking or jogging, or 
amount of time spent in those activities.  And, some use measures of time spent in physical 
activities of various intensities such as moderate or vigorous (e.g., Ewing et al. 2003; Maas et al. 
2008; Mullahy and Robert 2010; or for a review see Wendel-Vos et al. 2007).   
I use a continuous measure of physical activity that recognizes the differential health 
benefits of moderate and vigorous intensity activities based upon the concept of metabolic 
equivalent (MET) activity intensities.  MET intensities provide general energy expenditure 
estimates for specific physical activities and are expressed as multiples of a resting MET level 
where 1 MET represents energy expended while sitting with little activity.  Ainsworth and 
colleagues (2000) developed and updated a compendium of physical activities and corresponding 
MET intensities using lab and field studies to provide an activity classification scheme that 
standardizes MET intensities for activities used in survey research.  This concept was used by the 
American College of Sports Medicine and the American Heart Association when developing 
“equivalent” recommendations for moderate, vigorous, or combined moderate and vigorous 
physical activity (Haskell et al. 2007).  The concept of MET scores was also applied to walking 
and other types of physical activity in a 2002 study of exercise and cardiovascular events in 
women among others (Manson et al. 2002). 
BRFSS participants were asked to report the frequency and duration of time spent in 
moderate and vigorous physical activity each week.  Moderate physical activity was described 
anecdotally as “brisk walking, bicycling, vacuuming, gardening, or anything else that causes 
some increase in breathing or heart rate” while vigorous physical activity included “running, 
aerobics, heavy yard work, or anything else that causes large increases in breathing or heart rate” 
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(CDC (BRFSS questionnaire) 2001).   I multiplied weekly minutes spent in moderate physical 
activity by a MET of 3.3, equivalent to walking at 3 miles per hour, and weekly time spent in 
vigorous physical activity by a MET of 8, equivalent to jogging at 5 miles per hour following the 
example in Haskell et al. (2007).  The physical activity measure is a summation of the two, 
weekly MET minutes.  So, this measure recognizes the differential benefits of moderate and 
vigorous physical activity, and, because it is continuous in nature, it permits study of the 
potential health benefits of additional physical activity entirely above or below recommended 
levels.  
 
 
3.5  Methodology 
To explore the associations between regional stress and individual obesity outcomes, this 
study combines individual level survey data and county level regional data described above.  
What follows is a description of the central equations estimated and data preparation prior to 
analysis. 
 
3.5.1 Model 
Neighborhood formation is not random (Dietz 2002).  This means that county level 
characteristics may in part result from processes of population sorting or location selection.  
Additionally, unobservable individual characteristics such as preferences for good health may 
influence both individual weight outcomes and the qualities of residential environments that 
individuals choose.  As a result, measures of regional stress are potentially endogenous.  To 
account for the influence of potential omitted variables, this study follows several examples from 
the neighborhood effects literature identified in Chapter 3 and uses instrumental variables and 
two-stage least squares (2SLS) estimation.  The central models we estimate are: 
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BMIi = α + βCNTYEMPSTRESS*i + λCNTYEDUSTRESS*i + γXi + εi (1) 
CNTYEMPSTRESSi = π + δZi + μi 
EDUSTRESSi = ω + ρZi + υi 
where i denotes an individual; EMPSTRESS is a measure of county employment, 
EDUSTRESS is a measure of county educational attainment; and X and Z are vectors of 
covariates, X≠Z.  Using this method, we first estimate the county employment and county 
educational attainment variables using the vector of exogenous variables, Z that includes all 
variables in the BMI outcome equation except, of course, EMPSTRESS and EDUSTRESS and 
the two additional instruments for county stress described in section 3.4:  creative class 
employment as a share of total county employment and “traditional industry” employment as a 
share of county employment.  Doing so, we obtain fitted values for the county employment rate 
and county college graduate rate.  Then, the fitted values for county educational and employment 
stress are used in place of the observed values in the estimation of the BMI model.  Models are 
estimated using Stata, version 12.1 (Statacorp 2009).9   
Because using 2SLS requires that all variables in the model be included in the first stage 
regressions, the county employment and education stress fitted values are predicted using county 
and individual level data and will be unique to each individual.  While this is not ideal, there are 
well-understood relations between individual-level factors and individual obesity, so controlling 
for these factors in the BMI equation is important and helps us understand the relative 
importance of individual and contextual factors.  However, given that this study specifically 
                                                          
9 While much of the neighborhood effects literature concerns identifying specific mechanisms 
through which neighborhood characteristics act on individual behaviors or outcomes (e.g. 
separating peer effects with social multipliers from effects due to common institutional 
exposure), this study focuses specifically on whether a relationship exists between county stress 
and individual obesity.  Further research might consider specific mechanisms and the discussion 
in Durlauf (2004) and Dietz (2002) are helpful in this regard.   
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concerns the impact of county economic stress on individual obesity, and county economic stress 
should be constant within a county, I also estimate the models using only county-level contextual 
variables. 
 
3.5.2 Analysis Sample 
This study adopts a broad scope including data for individuals in all counties for which 
model data including county identifiers are publically available with a few exceptions.  First, 
following Dunn (2010), I exclude extreme BMI cases. In this study, individuals with BMI below 
15 or above 45 are excluded from the sample as determinants of BMI may be different in these 
cases or data miscoding could affect results.  Additionally, pregnant women are excluded from 
the sample as “healthy” body mass index likely differs for pregnant women when compared to 
the rest of the adult population.  After omitting observations for which model data were 
incomplete or could not be linked to county data and observations that fit in one of the above 
categories, the final sample size for analysis is 111,958.  Note:  the three most common reasons 
observations were excluded due to incomplete model data were 1) because county of residence 
identifiers were not publically available preventing us from linking individual level data to 
county of residence characteristics, 2) because respondents chose not to disclose income 
information, and 3) because respondents chose not to disclose information regarding exercise 
behavior.  Figure 3.2 shows the counties of residence of individuals within the analysis sample. 
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3.6  Results 
3.6.1 Descriptive Statistics – The Analysis Sample 
 Table 3.2 presents descriptive statistics for the analysis sample (after omitting 
observations for which model data were incomplete as described in section 3.5).  The sample 
includes 111,958 adults.  The average BMI within the sample is approximately 26.5.  This would 
be the approximate BMI of a 6 foot, 195 pound man or a 5 foot 6 inch, 163 pound woman. The 
average person in the sample is overweight, as the range used to identify overweight is 25.0 – 
29.9.  However, the average falls below the 30.0 kg/m² BMI cutoff used to identify obesity 
status.  Almost half of the sample is female (48.3%) and individuals ranged in age from 18 to at 
least 99.10   
Individual level stressors in the model affect a relatively small share of the total sample.  
Approximately 4.0% of individuals were single parents, 4.1% of individuals were unemployed at 
the time of the survey, and an additional 3.3% of individuals were unable to work.  In addition, 
nine out of ten individuals completed at least a high school diploma, and 34.0% of individuals 
completed at least a 4-year degree, leaving 10% of the sample that did not complete high school. 
This means that the adult high school completion rate in this 2001 sample is higher than the 
national average. At the time of the 2000 Census, 80% of adults aged 25 and over had completed 
at least a high school diploma (U.S. Census Bureau 2000). 
 Individuals within the sample reside in counties with a wide range of employment and 
educational stress levels.  Some individuals reside in counties with employment rates below 40% 
among individuals ages 22-65 while others reside in counties where the employment rate 
approaches 90%.  The average county employment rate among individuals in the sample is 
                                                          
10 The value 99 years of age was the highest value recorded for individuals over the age of 65.  It 
is possible that some in the sample may be older. 
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73.0%.  Like county employment stress, county educational attainment also varies.  The average 
bachelor’s degree prevalence rate is 26.8% but ranges from 6.0% to 60.2%.  This is roughly 
similar, though slightly lower than the adult college degree prevalence rate found in the 
individual level sample data. 
 
3.6.2 Econometric Model Results 
3.6.2.1 Full Sample 
 The econometric results presented in Table 3.3 suggest that regional stress arising from 
low educational attainment is a significant predictor of individual BMI (first stage regression 
results are presented in Table 3.4).  County employment stress is not significant in explaining 
variation.  A change in the college completion rate from zero to one (where one signals 100% of 
adults ages 25 and above are college graduates) in an individual’s county of residence is 
associated with a 3.541 unit decrease in expected individual BMI (in kg/m²).  More 
incrementally, the estimated marginal effect of a 1% increase in the proportion of residents that 
have received at least a 4 year degree on expected BMI is -0.035 kg/m², with or without 
controlling for individual physical activity behavior.  For the average 6 foot, 195 pound man in 
the sample, this would be approximately equivalent to a 0.25 pound decrease in weight for a 1% 
increase in adult college completion, all else held constant (because for a 6 foot person, 7.5 
pounds is approximately equivalent to 1 BMI point). 
The individual level covariates behave largely as expected with expected BMI increasing 
with the log of age and decreasing with income.  Individual level stressors including single 
parenthood, unemployment, and inability to work are positively associated with BMI which is 
consistent with prior studies finding that individual and household level stress is associated with 
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obesity.  Additionally, women, current smokers, and high school and college graduates are 
expected to have lower BMI than similar men, non-smokers, and individuals that did not 
complete high school respectively. This holds true with or without controlling for physical 
activity behavior.  Several county control variables were also significantly associated with 
individual BMI.  Having natural amenities in your county of residence is negatively associated 
with BMI, while county population density is significantly related to BMI in the model that 
controls for individual physical activity behavior.  Aside from individual demographic controls, 
factors with the greatest marginal effect on BMI (magnitude of the effect) include county 
educational attainment, an individual’s ability to work, physical activity behavior, smoking 
status, and college graduation status.   
Table 3.3 also includes results of the model estimated with only county-level variables.  
This model is included for later discussion (see County Variables Only Model below).  I do not 
interpret the results of the second stage regression in the county-variable only model because this 
model likely introduces specification error by omitting explanatory individual level variables  
 
3.6.2.2 Sample of Individuals with Household Income Below 200% of the Poverty Threshold 
 We may observe different relationships between regional factors and individual obesity 
outcomes among individuals with lower household incomes relative to expenses than among all 
individuals in the full sample.  For example, individuals with lower income relative to expenses 
may face greater constraints in the locational selection process.  Individuals with fewer mobility 
options in the face of regional stress may experience employment and educational stress 
differently.  In addition, differences in individual time constraints, transportation options and 
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other factors across individuals with different incomes may mean that access to recreational 
amenities may influence individual health outcomes differentially.   
Table 3.5 presents findings from the main regression models used in this analysis for the 
sample of individuals with household income below 200% of the poverty threshold.11  Within 
this sample, county educational stress remains a significant predictor of individual BMI however 
the estimated marginal effect is smaller in magnitude (-2.7 compared to -3.5).  The county 
density measure is no longer significant in any of the models, however county recreational 
amenities per capita is surprisingly positively associated with BMI. 
 
3.6.2.3 Validity of the Instruments 
In the presence of omitted variables, OLS will not yield consistent estimates, so I use a 
2SLS instrumental variables approach.  However, the instruments must also meet specific 
criteria.  Instrumental variables used to correct for omitted variable bias must be correlated with 
the causal variables of interest, in this case county educational and employment stress, but 
uncorrelated with the error terms. I first examine the relationship between the instruments and 
the endogenous variables of interest, county educational and employment stress, by regressing 
each of the county stress measures on the instruments and other exogenous variables in the 
model, then testing the joint significance of the instruments.  Using an adjusted Wald Test, 
county creative occupation prevalence and traditional industry employment prevalence are 
jointly significant in predicting both the county employment rate and the county bachelor’s 
                                                          
11 Because poverty thresholds depend on several factors including household size and 
composition, the ratio of household income to the poverty threshold was calculated by dividing 
individual household income by the U.S. Census Bureau’s 2001 weighted average poverty 
thresholds by household size from the Current Population Survey, Annual Social and Economic 
Supplements. 
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degree rate respectively at all standard significance levels (p:values < 0.0000 in both cases).  
This suggests that creative employment and traditional industry employment prevalence meet 
one of the criteria for good instruments.  Then, because the model is exactly identified, I cannot 
formally test over-identification restrictions, however, if you are concerned about endogeneity of 
the instruments, Angrist and Krueger (1991) illustrate an additional check.  If we assume that 
BMI is consistently estimated by OLS and the impact of the instruments on BMI occurs only 
through the endogenous county stress variables, we can estimate the BMI model using OLS 
including both the county stress variables and the instrumental variables.  In this case, we would 
expect creative class and traditional industry employment prevalence to be insignificant.  A 
simple f-test of the null hypothesis that the instrument coefficients are jointly equal to zero 
suggests our instruments are acting on BMI through the county stress variables (F-statistic:  2.18, 
p-value: 0.113, decision: fail to reject null). 
 
3.6.2.4 County Variables Only Model 
 One potential concern with the modeling approach used in this analysis is that 2SLS uses 
all exogenous variables from the initial structural equation in the first stage regression models to 
predict the county employment and education stress instrumental variables estimators.  This 
means that both individual and county level variables are used to predict each county stress 
measure.  To better understand the implications, I estimate the model using only county level 
variables and examine the first stage regression results across all models.  As Table 3.4 
illustrates, the estimated marginal effects of the exogenous county level variables are in nearly 
all cases much larger in magnitude than the estimated marginal effects of any exogenous 
individual level variables.  In addition, the proportion of variation explained by the model 
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changes little between the county variable only models (R² = 0.491 and R² = 0.903 in the 
employment and education models respectively) and the models that include both individual and 
county level variables (R² = 0.506 and R² = 0.904 in the employment and education models 
respectively).  So, as we would hope, when included, the individual level variables do little to 
explain overall variation in county educational stress and county employment stress, so these 
predictions are likely driven by the county level variables.  
 
3.6.3 Alternate Model Specifications 
3.6.3.1 Exploring County Employment Stress 
The insignificant estimated marginal effect of county employment stress is not consistent 
with the hypothesis set forth in this paper.  The county employment stress measure is significant 
when the education stress variable is omitted.  However given the hypothesized relation between 
education stress and BMI, this omission can introduce bias.  As Table 3.6 illustrates, county 
employment stress is significantly negatively associated with BMI when estimating the models 
without county education stress using instrumental variables methods and 2SLS or ordinary least 
squares (OLS).  However, as mentioned previously, this omission presents a few problems.   
First, when excluding county education stress from the instrumental variables model, the 
instruments no longer meet established criteria.  Namely, the instruments are related to the error 
process because the error term includes the effects of unobservable or omitted variables (which 
in this case includes county educational stress).  Because the county instruments are related to 
county educational stress, one condition for good instruments is violated when the educational 
attainment variable is omitted.  In addition, the county employment stress measure may also be 
absorbing some of the variation in BMI that is explained by educational stress due to the 
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correlation between the two measures (note the magnitude of the coefficient for county 
employment stress in model 1).   
When estimating the model using standard OLS, county employment rate is also 
significantly negatively associated with individual BMI (see Table 3.6, model 2).  However, this 
model assumes the county employment rate is exogenous and may also be biased by the 
omission of county educational stress.  In an OLS model that includes both county stress 
measures, but likely suffers from endogeneity bias, the estimated marginal effect of county 
educational stress is negative and significant while the estimated marginal effect of county 
employment stress is positive and significant (see Table 3.6, model 3). The differing results 
across model specifications point to the challenge of modeling when variables of interest may be 
related and to problems that may be introduced by omitted variables.  Despite these challenges, 
employment or unemployment measures and educational attainment measures are frequently 
used in combination in regional development literature and both may a priori be related to 
individual BMI, so the primary analysis in this paper does include both variables.   
 
3.6.3.2 Comparing Ordinary Least Squares and Instrumental Variables Methods 
 When controlling for potential omitted variable bias using instrumental variables methods 
and two-stage least squares, the magnitude of the marginal effect of county educational stress on 
BMI is slightly smaller than when using standard OLS (see Tables 3.3 and 3.6).  This suggests 
that there may be an upward bias in the OLS estimates (i.e. OLS estimates may overestimate the 
marginal effect of county stress on individual BMI).  Additionally, as expected, the standard 
errors of the instrumental variables estimators are larger than the OLS estimators due to 
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additional uncertainty.  However, the magnitude of the individual level variable coefficient 
estimates was fairly similar across models.   
 
3.7  Discussion and Conclusion 
3.7.1 Policy Implications 
The findings of this analysis imply that policies that promote human capital development 
in places with low overall educational achievement may have health implications.  Specifically 
higher educational attainment in a person’s county of residence is associated with lower 
individual BMI.  This study forwarded several specific mechanisms through which county 
education stress may influence individual weight outcomes including by its effects on individual 
stress levels, or on information about health behaviors, and its potential influence on access to 
health and fitness options.  Raising overall community educational attainment then has the 
potential to influence individual BMI by decreasing individual stress, improving the quality and 
quantity of health information in the community, and improving access to health and fitness 
opportunities. 
However, the cross-sectional nature of the data suggests we should use caution in 
interpreting the associations identified as causal.  In addition, the challenge of untangling the 
effects of regional educational and employment stress from other omitted variables and 
community formation processes suggest another direction for policy.  In particular, counties with 
low educational attainment are associated with higher individual BMI outcomes, so educational 
attainment might be used as targeting criteria for targeted programs aimed at stemming rising 
obesity trends and improving health-related quality of life (i.e. less incidence of obesity related 
chronic disease, etc).  Local educational attainment provides a targeting criterion that is 
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observable and frequently measured.  Partridge and Rickman (2007) point to the 
complementarities of well-targeted person and place-based policies aimed at improving 
individual well-being, and successes in peer-based smoking cessation programs (Malchodi et al. 
2003) suggest policies that incorporate peer networks or environmental influences have a place 
in health interventions.12  
 
3.7.2 Study Limitations / Areas for Further Research 
3.7.2.1 Data and Model Construction 
There are a number of limitations to the present study and opportunities for further 
research.  What follows is a discussion of several key areas.  Due to the cross-sectional nature of 
the data, this study cannot explore changes in BMI or the dynamic relationship between stress 
exposure and obesity measures over time.  Further research using longitudinal data could better 
capture how exposure to environmental stressors impacts weight over time.  In addition, the 
Behavioral Risk Factor Surveillance System collects self-reported height and weight information 
which likely results in underreported BMI as BMI is consistently underreported in survey data.  
This may be reason for concern if the degree of underreporting was more or less common among 
specific groups such as college graduates.  However, we have no reason to believe this may be 
the case. Regardless, data sources with measured height and weight data present a potential 
alternative for further investigation.  In addition, as Figure 3.2 illustrates, there are a number of 
counties for which there are no residents included in the study sample.  This includes many rural 
counties.  So, there is an opportunity for further exploration, particularly if the relation between 
                                                          
12 The successes of public health and zoning interventions in stemming the spread of disease 
during the Industrial Revolution provide yet another example of environmental interventions 
targeted at improving overall health. 
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county level factors and resident obesity outcomes differs between counties of residence 
included in the sample, and those that could not be included due to publically available data 
limitations.  Also, within the BRFSS, county of residence identifiers are the most localized 
geographic identifiers available in the core sample, so this study uses county level regional stress 
measures.  However, heterogeneity within counties suggests that more localized measures may 
more accurately capture the role of environmental stress on individual weight outcomes.  
 
3.7.2.2 Modeling Assumptions 
The model used in this study assumes that there are no spillover effects between counties.  
So, similar counties are treated the same regardless of the characteristics of their neighbors.  
However, individuals with greater proximity to neighboring stressful environments may be 
influenced by those environments.  This is particularly true because in large part, county 
boundaries are political constructs that do not reflect the bounds of individual lives.  Neighboring 
counties may influence each other through regional commuting patterns, economic 
interdependence, and common infrastructure.  Further research might consider these potential 
interactions between counties.  Finally, estimating the model required the assumption that the 
county level covariates including population density and amenity prevalence were exogenous, 
however they too may potentially be endogenous requiring different treatment.  
 
3.7.3 Conclusion 
This study examines the question, is regional economic stress associated with individual 
weight outcomes.  The study uses data from the Behavioral Risk Factor Surveillance System and 
administrative sources to explore the relation between county economic stress and individual 
obesity outcomes.  Using instrumental variable methods to control for potential omitted variable 
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bias, this study finds that stress arising from low educational attainment is inversely associated 
with individual body mass index.  This suggests that policies that seek to promote human capital 
development in places with low overall educational achievement may have health implications or 
that human capital measures may be used to more effectively target environmental and 
individual interventions aimed at improving health related quality of life. 
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3.8 Tables 
Table 3.1.  Variable Definitions 
 Variable Description 
Dependent Variable 
 
 
BMI Individual body mass index (kg/m²) 
Individual Level Covariates 
 
 
Black Individual is Black alone, not Hispanic 
 
Hispanic Individual is Hispanic 
 
American Indian Individual is American Indian or Alaskan Native 
alone, not Hispanic 
 
Female Individual is female 
 
Age Log (individual age) in years 
 
Current Smoker Individual is a current smoker 
 
Income ($10,000) Annual household income ($10,000) 
 
High School Graduate Highest educational attainment is high 
school/GED/some college 
 
College Graduate Highest educational attainment is bachelor’s degree 
or beyond 
 
Single Parent Individual is a single parent 
 
Unemployed Individual is “out of work” 
 
Unable to Work Individual is “unable to work” 
 
MET Minutes of Physical Activity (10,000s) Weekly minutes of physical activity in metabolic 
equivalents (in 10,000s) 
County Level Covariates 
 
 
County Population Density Log (county population / area in square miles) 
 
County Natural Amenities Measure of amenity endowment including climate, 
landscape, and recreational appeal 
 
County Recreational Amenities Number of recreation and fitness centers per 1,000 
people 
County Stress Variables 
 
 
County Employment Stress Percent of civilian population ages 22 to 64 that is 
employed 
 
County Educational Stress Percent of county population ages 25+ with at least 
a bachelor’s degree 
Instrumental Variables 
 
 
County Creative Class Employment Prevalence Percent of employed county population in 
“creative” occupations 
  
County Traditional Industry Employment Prevalence Percent of county employment in agriculture, 
forestry, fishing, hunting, and mining 
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Table 3.2.  Descriptive Statistics 
Variable Mean 
Standard 
Deviation Minimum Maximum 
Dependent Variable 
    
 
BMI (kg/m²) 26.462 0.026 15.0 45.0 
Individual Level Covariates 
    
 
Black 0.101 0.002 0.0 1.0 
 
Hispanic 0.126 0.002 0.0 1.0 
 
American Indian 0.010 0.001 0.0 1.0 
 
Female 0.483 0.003 0.0 1.0 
 
Log (Age) 3.715 0.002 2.9 4.6 
 
Current Smoker 0.230 0.002 0.0 1.0 
 
Income ($10,000) 6.341 0.028 1.0 15.0 
 
High School Graduate 0.560 0.003 0.0 1.0 
 
College Graduate 0.340 0.003 0.0 1.0 
 
Single Parent 0.040 0.001 0.0 1.0 
 
Unemployed 0.041 0.001 0.0 1.0 
 
Unable to Work 0.033 0.001 0.0 1.0 
 
MET Minutes of Physical Activity (10,000s) 0.178 0.001 0.0 4.7 
County Level Covariates 
    
 
Log (County Population Density) 6.576 0.007 0.5 10.9 
 
County Natural Amenities 1.146 0.003 -0.3 3.4 
 
County Recreational Amenities per 1,000 People 0.111 0.000 0.0 0.7 
County Stress Variables 
    
 
County Employment Rate, Ages 22-65 0.730 0.000 0.4 0.9 
 
County Bachelor’s Degree Prevalence, Ages 25+ 0.268 0.000 0.1 0.6 
Instrumental Variables 
    
 
County Creative Class Employment Prevalence 0.267 0.000 0.1 0.5 
  County Traditional Industry Employment Prevalence 0.012 0.000 0.0 0.2 
Note: Sample means are calculated using sample design weights.  Strata with singular observations are 
omitted to permit standard error calculation.  Number of observations is 111,958.   
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Table 3.3. Regression Results 
  
BMI BMI BMI 
Variable 
Without 
Physical 
Activity 
With Physical 
Activity 
County Level 
Variables 
Only 
County Stress Variables 
   
 
County Employment Rate, Ages 22-65 1.292 1.242 -1.401 
  
(1.078) (1.075) (1.077) 
 
County Bachelor’s Degree Prevalence, Ages 25+ -3.541 -3.477 -4.150 
  
(0.445)** (0.443)** (0.452)** 
Individual Level Covariates 
   
 
Black 1.902 1.883 
 
  
(0.058)** (0.058)** 
 
 
Hispanic 0.874 0.871 
 
  
(0.064)** (0.064)** 
 
 
American Indian 1.333 1.373 
 
  
(0.130)** (0.130)** 
 
 
Female -1.282 -1.348 
 
  
(0.029)** (0.029)** 
 
 
Log(Age) 1.587 1.502 
 
  
(0.040)** (0.040)** 
 
 
Current Smoker -1.024 -0.990 
 
  
(0.035)** (0.034)** 
 
 
Income ($10,000) -0.013 -0.011 
 
  
(0.003)** (0.003)** 
 
 
High School Graduate -0.176 -0.164 
 
  
(0.054)** (0.054)** 
 
 
College Graduate -0.953 -0.965 
 
  
(0.059)** (0.059)** 
 
 
Single Parent 0.147 0.153 
 
  
(0.054)** (0.054)** 
 
 
Unemployed 0.452 0.461 
 
  
(0.077)** (0.077)** 
 
 
Unable to Work 1.653 1.545 
 
  
(0.076)** (0.076)** 
 
 
MET Minutes of Physical Activity (10,000s) - -1.255 
 
  
- (0.054)** 
 County Level Covariates 
   
 
Log (County Population Density) -0.027 -0.033 -0.001 
  
(0.014) (0.014)* (0.016) 
 
County Natural Amenities -0.258 -0.231 -0.282 
  
(0.042)** (0.042)** (0.043)** 
 
County Recreational Amenities per 1,000 People -0.199 -0.128 -0.023 
  
(0.389) (0.388) (0.405) 
 
Constant 21.992 22.562 28.828 
    (0.790)** (0.787)** (0.771)** 
Note:  Number of observations is 111,958.  Standard errors are reported in parentheses.  *Significant at 
5%; ** Significant at 1%.   
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Table 3.4. First Stage Regression Results 
    
Employment 
Rate 
BS 
Prevalence 
Employment 
Rate 
BS 
Prevalence 
Employment 
Rate 
BS 
Prevalence 
Variables (No Physical Activity) (With Physical Activity) (County Variables Only) 
Individual Level Covariates 
      
 
Black -0.016 0.005 -0.016 0.005 
  
  
(0.000)** (0.000)** (0.000)** (0.000)** 
  
 
Hispanic -0.019 -0.004 -0.019 -0.004 
  
  
(0.001)** (0.000)** (0.001)** (0.000)** 
  
 
American Indian -0.024 0.002 -0.024 0.002 
  
  
(0.001)** (0.001)* (0.001)** (0.001)* 
  
 
Female -0.001 0.000 -0.001 0.000 
  
  
(0.000)** (0.000) (0.000)* (0.000) 
  
 
Log(Age) -0.002 -0.003 -0.002 -0.003 
  
  
(0.000)** (0.000)** (0.000)** (0.000)** 
  
 
Current Smoker -0.001 -0.001 -0.001 -0.001 
  
  
(0.000)** (0.000)** (0.000)** (0.000)** 
  
 
Income ($10,000) 0.000 0.000 0.000 0.000 
  
  
(0.000)** (0.000)** (0.000)** (0.000)** 
  
 
High School Graduate 0.006 0.002 0.006 0.002 
  
  
(0.000)** (0.000)** (0.000)** (0.000)** 
  
 
College Graduate 0.004 0.006 0.004 0.006 
  
  
(0.001)** (0.000)** (0.001)** (0.000)** 
  
 
Single Parent 0.001 -0.001 0.001 -0.001 
  
  
(0.000) (0.000) (0.000) (0.000) 
  
 
Unemployed -0.002 -0.001 -0.002 -0.001 
  
  
(0.001)** (0.000)** (0.001)** (0.000)** 
  
 
Unable to Work -0.008 -0.002 -0.008 -0.002 
  
  
(0.001)** (0.000)** (0.001)** (0.000)** 
  
 
MET Minutes of  Activity 
(10,000s) 
  
0.002 -0.001 
  
    
(0.000)** (0.000) 
  County Level Covariates 
      
 
Log (Cnty Population Density) -0.018 -0.007 -0.018 -0.007 -0.019 -0.007 
  
(0.000)** (0.000)** (0.000)** (0.000)** (0.000)** (0.000)** 
 
County Natural Amenities -0.038 -0.009 -0.038 -0.009 -0.039 -0.009 
  
(0.000)** (0.000)** (0.000)** (0.000)** (0.000)** (0.000)** 
 
County Rec Amenities per 1,000 0.269 0.137 0.269 0.137 0.283 0.135 
  
(0.003)** (0.002)** (0.003)** (0.002)** (0.003)** (0.002)** 
Instrumental Variables 
      
 
Cnty Creative Class Emp % 0.413 1.313 0.413 1.313 0.420 1.314 
  
(0.003)** (0.002)** (0.003)** (0.002)** (0.003)** (0.002)** 
 
Cnty Trad Industry Emp % -0.578 -0.048 -0.578 -0.048 -0.596 -0.050 
  
(0.005)** (0.004)** (0.005)** (0.004)** (0.005)** (0.004)** 
 
Constant 0.771 -0.024 0.770 -0.023 0.769 -0.035 
  
(0.002)** (0.001)** (0.002)** (0.001)** (0.001)** (0.001)** 
  R² 0.506 0.904 0.506 0.904 0.491 0.903 
Note:  Number of observations is 111,958.  Standard errors are reported in parentheses.  *Significant at 5%;  
** Significant at 1%.   
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Table 3.5. Regression Results, Sample of Individuals with Household Income Below 
200% of the Poverty Line 
  
BMI BMI 
Variable 
(Without Physical 
Activity) 
(With Physical 
Activity) 
County Stress Variables 
  
 
County Employment Rate, Ages 22-65 -2.451 -2.332 
  
(2.034) (2.033) 
 
County Bachelor’s Degree Prevalence, Ages 25+ -2.721 -2.727 
  
(0.984)** (0.983)** 
 
Black 1.887 1.869 
  
(0.100)** (0.100)** 
 
Hispanic 0.919 0.904 
  
(0.102)** (0.102)** 
 
American Indian 1.616 1.632 
  
(0.196)** (0.196)** 
 
Female -0.313 -0.355 
  
(0.061)** (0.061)** 
 
Log(Age) 1.511 1.450 
  
(0.072)** (0.072)** 
 
Current Smoker -1.271 -1.249 
  
(0.063)** (0.063)** 
 
Income ($10,000) 0.300 0.310 
  
(0.035)** (0.035)** 
 
High School Graduate -0.362 -0.354 
  
(0.075)** (0.075)** 
 
College Graduate -1.257 -1.265 
  
(0.106)** (0.106)** 
 
Single Parent 0.316 0.320 
  
(0.089)** (0.088)** 
 
Unemployed 0.767 0.772 
  
(0.114)** (0.114)** 
 
Unable to Work 1.943 1.881 
  
(0.099)** (0.099)** 
 
MET Minutes of Physical Activity (10,000s) - -0.782 
  
- (0.101)** 
 
Log (County Population Density) -0.042 -0.045 
  
(0.025) (0.025) 
 
County Natural Amenities -0.335 -0.315 
  
(0.083)** (0.083)** 
 
County Recreational Amenities per 1,000 People 2.216 2.216 
  
(0.818)** (0.818)** 
 
Constant 23.615 23.881 
    (1.394)** (1.390)** 
Note:  Number of observations is 33,135.  Standard errors are reported in parentheses.  *Significant at 
5%; ** Significant at 1%.  The ratio of household income to the poverty threshold was calculated using 
2001 weighted average poverty thresholds by household size from the U.S. Census Bureau. 
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Table 3.6. Robustness Checks:  Alternative Specifications  
  
  
Instrumental 
Variables Model OLS Model OLS Model 
 
BMI BMI BMI 
Variable (1) (2) (3) 
County Employment Rate, Ages 22-65 -5.974 -1.318 1.007 
 
(0.558)** (0.288)** (0.326)** 
County Bachelor’s Degree Prevalence, Ages 25+ 
  
-3.589 
   
(0.238)** 
Black 1.751 1.847 1.878 
 
(0.055)** (0.054)** (0.054)** 
Hispanic 0.721 0.808 0.867 
 
(0.061)** (0.060)** (0.060)** 
American Indian 1.162 1.279 1.368 
 
(0.127)** (0.126)** (0.127)** 
Female -1.352 -1.348 -1.349 
 
(0.029)** (0.029)** (0.029)** 
Log(Age) 1.5 1.52 1.5 
 
(0.040)** (0.040)** (0.040)** 
Current Smoker -0.99 -0.981 -0.991 
 
(0.035)** (0.034)** (0.034)** 
Income ($10,000) -0.01 -0.012 -0.01 
 
(0.003)** (0.003)** (0.003)** 
High School Graduate -0.121 -0.17 -0.16 
 
(0.054)* (0.054)** (0.054)** 
College Graduate -0.969 -1.023 -0.959 
 
(0.059)** (0.059)** (0.059)** 
Single Parent 0.164 0.164 0.152 
 
(0.054)** (0.054)** (0.054)** 
Unemployed 0.447 0.462 0.46 
 
(0.077)** (0.077)** (0.077)** 
Unable to Work 1.498 1.548 1.541 
 
(0.076)** (0.075)** (0.075)** 
MET Minutes of Physical Activity (10,000s) -1.238 -1.253 -1.255 
 
(0.054)** (0.054)** (0.054)** 
Log (County Population Density) -0.118 -0.108 -0.031 
 
(0.009)** (0.009)** (0.010)** 
County Natural Amenities -0.455 -0.301 -0.239 
 
(0.031)** (0.026)** (0.027)** 
County Recreational Amenities per 1,000 People 0.842 -1.354 0.061 
 
(0.369)* (0.291)** (0.306) 
Constant 27.632 24.185 22.745 
  (0.450)** (0.277)** (0.293)** 
Number of observations is 111,958.  Standard errors in parentheses.  *Significant at 5%;  
** Significant at 1%. 
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3.9 Figures 
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CHAPTER 4 
CONCLUSION 
 
 The factors driving high obesity prevalence in the United States are diverse and 
multifaceted.  While many have looked to technological change altering the way we work, live, 
and eat, a growing body of empirical evidence finds that stress is also an important determinant 
of obesity.  The essays in this thesis are motivated by this latter explanation and seek to deepen 
our understanding of the relation between stress and obesity.   
The first essay recognizes and controls for the potential role of household financial stress 
in child obesity outcomes while considering how one aspect of the policy environment, the 
Supplemental Nutrition Assistance Program influences child obesity outcomes.  The theoretical 
relationship between SNAP participation and obesity is ambiguous as program participation 
could lead to increases in caloric consumption, substitution of low-cost, calorie dense foods for 
more healthy food options, and/or the realignment of household resources resulting in 
consumption of other goods such as gym memberships or television that influence energy 
balance.  In addition, program participation may also reduce overall household stress by 
providing a steady sources of income for food.  In this way, participation may moderate the 
effects of stress on obesity.  Empirical studies have yielded mixed results, in part due to diverse 
methodological approaches. Using data from the Survey of Household Finances and Childhood 
Obesity this study explores the relationship between SNAP participation and obesity in children 
living in low-income counties in three Midwestern states. Employing instrumental variables 
methods to control for selection into SNAP, this study finds that SNAP participation is 
negatively associated with obesity status, depth, and severity.  While this study did not find a 
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significant relation between household financial stress and obesity, the sample was narrowly 
targeted, so results cannot be interpreted along the full income range of the population. 
This essay makes several specific contributions.  First, to my knowledge, it is the first to 
specifically control for the potentially confounding relationship between household financial 
stress and obesity.  In doing so, I leverage objective information about actual financial events 
within the household to develop a more direct measure of household stress than has generally 
been used in prior studies of stress and obesity.  In addition, the study recognizes that SNAP 
participation is potentially endogenous.  Unobservable factors such as health preferences may 
influence SNAP participation decisions and BMI, or pre-existing differences in weight between 
participants and non-participants could mistakenly be attributed to SNAP participation if 
selection into the program is not considered.  This essay extends the use of instrumental variables 
methods modeled in Kaushal’s 2007 study of adult immigrant women to the study of children.  
In addition, the study uses both discrete and continuous measures of weight status, recognizing 
that the real health effects of weight gain may increase with increasing BMI.   
The study’s findings support the notion that SNAP participation may decrease the 
probability of obesity, its depth, and severity among participating children.  So, increasing an 
eligible household’s propensity to enter SNAP not only has the potential to influence food 
security outcomes, but it can also influence healthy weight outcomes.  This study suggested 
several theoretical mechanisms through which SNAP can contribute to positive weight 
outcomes:  by reducing household stress and its associated influence on obesity and by providing 
income support for food purchases allowing families to choose a wider range of food options.  
This may permit substitution of lower cost, energy dense foods for more healthy food options.  
While there remains much to learn about the relationship between stress, nutritional safety net 
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program participation, and obesity, this study’s findings suggest that policies designed to 
increase an eligible household’s propensity to enter SNAP may also lead to more healthy weight 
outcomes among participant children. 
 The second essay in this thesis extends the conversation about stress and obesity to stress 
in the environment.  While studies have examined the influences of other environmental factors 
including physical attributes of the health environment such as access to healthy foods or 
physical activity options, this essay explores regional conditions that may contribute to 
differences in health environments across space and resulting health behaviors, namely regional 
stress.  Chapter 3 considers the association between two regional stress indicators, regional 
employment stress, measured by the county employment rate, and regional educational stress, 
measured by the county adult college completion rate, and adult BMI. 
Regional stress may influence individuals directly via its effect on individual stress levels 
or indirectly, in the manner described above, by influencing the health environment and 
subsequently health behaviors. Regional employment or educational stress may be a source of 
individual stress because they may influence individual perceptions of future employment 
prospects, home values and the like.  At the same time, regional stress may influence individual 
weight outcomes indirectly via its influence on the health environment.  Low employment rates 
and low educational attainment (and resulting earnings) are likely related to demand within a 
county for goods such as health clubs or gym memberships that require discretionary income and 
to the provision of public goods that rely on tax receipts such as quality sidewalks, parks, and 
trails.  Businesses that supply these private goods are less likely to locate in places with low 
demand.  So, individuals, regardless of their own employment statuses, may have less access to 
physical activity options in counties with low employment or low educational attainment.  As a 
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result, there may be different time costs to physical activity for an individual in a high 
employment county and an otherwise similar individual in a low employment county.  Regional 
educational attainment may also influence access to and diffusion of health information within 
the region, influencing health behaviors and outcomes. 
The second essay uses individual level data from the Behavioral Risk Factor Surveillance 
System and county data from administrative sources to explore the relation between regional 
educational and employment stress and BMI in adults.  This essay uses instrumental variables 
methods to control for potentially omitted variables influencing both BMI and selection into 
counties or omitted county variables that may influence both resident health outcomes and 
employment or educational attainment.  The study finds that regional educational stress is a 
significant predictor of BMI.  Specifically, educational stress is positively associated with 
individual BMI.  This suggests that policies aimed at improving overall educational attainment in 
low achieving counties may have real health outcomes, including influencing healthy body 
weight.  Additionally, educational attainment, a commonly measured county indicator may be 
used to more effectively target individual or place-based policies aimed at combating high 
obesity prevalence and improving health related quality of life. 
The second essay contributes to our understanding of the relationship between stress and 
obesity by extending the conversation to sources of stress in the environment.  The study builds 
on previous neighborhood effects studies of obesity by exploring one additional aspect of 
context, regional economic stress, that is also potentially related to obesity.  In addition, this 
study recognizes that regional characteristics are likely not endogenously determined and 
leverages creative class theory to instrument for regional educational attainment and 
employment.  
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While we have much to learn about factors driving high obesity prevalence, the first 
essay in this thesis casts doubts on the conjectures of some that nutrition assistance programs 
may contribute to obesity among low-income Americans and suggests instead that increasing an 
eligible household’s propensity to enter the Supplemental Nutrition Assistance Program may 
have healthy weight outcomes among participant children.  The second essay in this thesis 
broadens the discussion of stress and obesity to stress in the environment.  Findings suggest that 
educational stress in the environment may be related to obesity outcomes.  Together these essays 
deepen our understanding of the relations between stress and obesity and the contributions of an 
effective safety net. 
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